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he broad evolutionary movement toward ensuring vehicle safety has necessitated the 
collection motor vehicle collision (MVC) data, so that the circumstances that influence the 
frequency and severity of MVCs can be understood. The data generated from MVCs has 
resulted in the development of practical safety mechanisms within vehicles. Technological 
advancements such as telematics devices have the ability to transform driving behaviour, while 
advanced driver assistance systems (ADASs) have the ability to avoid or mitigate the severity of MVCs. 
The increased dissemination of vehicles equipped with these technologies will shift the dynamics of 
risks faced by road users. Consequently, claim and compensation patterns will be disrupted by these 
advancements as they transform the typology and causes of MVCs. As such, we propose in this thesis 
a number of proactive solutions that can be found using this influx of MVC data. The future of the 
motor insurance industry hinges on the efficient use of the magnitude of data that will become 
available with these technologies, so that accurate assessments of risk can be made for insured 
vehicles. This thesis contributes a number of methodological approaches that investigate the risks 
faced by road users and insurance providers alike. We further assess the role of primary insurers in a 
data-laden world. 
Chapters 2 and 3 review the methodological approaches that have traditionally been used to capture 
the severity of motor vehicle collisions (MVCs), and propose alternative approaches that allow the 
economic costs of MVCs to be directly related with the collision. These chapters primarily focus on 
the link between injury severity and economic cost, and use this information to discern the collision 
factors that influence the economic costs that are typically paid out in compensation claims. The 
results link aspects of insurance loss-event literature, injury severity literature, and MVC analysis 
literature in order to mitigate the impact of litigation risk faced by primary insurers. The results also 
point road safety practitioners to a number of collision factors that incur significant economic 
detriment. Chapter 4 explores the impact of relative impact velocity (delta-V) in an MVC, the collision 
T 
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factor that Chapter 2 and 3 identify as most influencing injury severity. A novel statistical approach is 
used to examine the intervening role that delta-V has between collision factors and MVC severity, 
through the lens of two injury severity metrics. The results highlight that a number of collision factors 
only influence injury severity because of the underlying role of relative impact velocity. The models 
generated also perform well in out-of-sample testing.  
Chapter 5 presents an occupant-focused approach to determine the collision events that are primarily 
linked with whiplash-related injuries – a pressing issue in the Irish and UK insurance arena due to the 
high frequency of compensation claims that are centred on minor cervical strains. We propose in this 
chapter a robust methodology that assigns whiplash likelihood estimates to drivers that are injured in 
MVCs, and compare the results of this methodology with realised incidents. Finally, Chapter 6 reflects 
on the current state of the motor insurance market and details the expected changes in actuarial 
considerations as ADAS-enabled vehicles, semi-autonomous vehicles (SAVs) and eventually, fully-
autonomous vehicles (AVs), become a common feature in the transport environment. Based on a 
multitude of factors that will present as advanced-technology vehicles become increasingly 
proliferated, it becomes clear that the actuarial impact that AV technology will have may not align 
with the actuarial considerations upon which the insurance industry currently operates. The 
discussions we provide in this chapter are beneficial as they spark a discussion on the future of 
actuarial science, and detail the inevitable shift toward reinsurers as key stakeholders of the motor 
insurance industry. 
The quantitative and qualitative assessments of risk provided in this thesis contribute to the field of 
transportation safety and insurance mathematics as they explore the risks faced by primary insurers 
and road users alike. The chapters within this thesis offer proactive solutions that can be used by 
primary insurers to mitigate the impact of these risks. Furthermore, the chapters offer insights in to 
the dynamics of collision events that influence injury severity, which may better inform road safety 




Motor vehicle collisions (MVCs) remain a considerable threat to society. They are now the 8th leading 
cause of death worldwide (World Health Organization 2018), and result in significant economic 
detriment (Blincoe et al. 2015, Wijnen et al. 2017). Early efforts to understand the causes and 
dynamics of MVCs (Solomon 1964) has led to the development of a field dedicated to MVC 
examination and analysis, with the specific goal of increasing the level of safety available in the road 
environment. The gravity of MVCs warrants a considerable level of attention from public and private 
interests alike, and much of the academic discourse in this area has so far been committed to 
understanding the frequency of incidents that occur. However, the motor vehicle industry is expected 
to be disrupted by the introduction of vehicles equipped with advanced driver assistance systems 
(ADASs) and increasing levels of vehicle automation. These technological advancements will enhance 
the level of safety afforded to vehicle occupants, as well as ensuring an enhanced level of safety in the 
road environment. 
The widespread introduction of practical safety mechanisms will reduce collision frequencies and 
injury severities, and prevent a substantial loss in economic costs. It is therefore incumbent upon road 
safety practitioners and stakeholders of the motor vehicle industry to understand the existing and 
emergent risks that face road users. Rather than focus on risk factors relating to MVC frequency, this 
thesis investigates the underlying dynamics of MVC severity. A multitude of data has been made 
available by organisations such as the National Highway Traffic Safety Administration (NHTSA) to 
provide additional insights in to the risk faced by road users, so that the dangers present along 
transport routes can be identified and mitigated to their greatest extent. By examining data relating 
to MVC severity, a number of statistical techniques are employed within this thesis to draw useful 
conclusions and solutions for road safety practitioners, policymakers, and vehicle engineers. 
An oft-overlooked stakeholder of the motor vehicle industry that will have to proactively adapt to 
these technological developments are motor insurance providers. The motor insurance sector has 
formed on a basis of mitigating the effects of asymmetric information between insurer and 
policyholder. The ‘risk-pooling’ approach that has long existed in insurance has allowed motor 
insurers to develop profitable business models by basing their premiums on average loss, rather than 
risk-profiling on an individualised level. However, the technological instruments that will become 
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increasingly proliferated in the road environment have the ability to eliminate the effect of 
asymmetric information entirely, and the data that is available on the current state of MVCs can 
further elaborate upon the risks faced by motor insurers. Therefore, proactive rather than reactive 
measures will be needed to understand the risks faced by insurers during loss-events.  
This thesis proposes a number of approaches that can serve as solutions for a number of risks within 
the motor insurance arena. These solutions can reduce the extent of litigation risks and administrative 
costs, as they provide a greater level of insight in to the level of capital reserves that are required for 
compensation payments. Extant literature surrounding the MVC severity as it relates to insurance 
costs is limited. The following sections in this chapter highlight the overarching motivation, research 
objectives, related literature and research contributions that this thesis provides to address a number 
of gaps that remain within MVC and insurance loss-event literature. 
1.1 Research Rationale 
1.1.1 Problem Space – Motor Vehicle Collision Risk 
The field of road traffic safety was developed with the intention of augmenting our understanding on 
the dynamics of MVCs. A significant level of academic discourse has been dedicated to identifying the 
factors that most affect MVC frequency and MVC severity. Based on a large selection of empirical 
findings, the World Health Organization (2018) has identified a number of key areas that introduce a 
heightened risk to human life. They indicate that travelling at speeds above defined speed limits is a 
primary risk factor in increasing levels of MVC frequency and severity. They further identify that a lack 
of adequate safety mechanisms, or the failure to correctly use the safety equipment that is available, 
inflates the level of avoidable fatalities. Finally, they posit that driving under the influence of impairing 
substances such as alcohol or drugs significantly increases MVC injury and fatality rates. Based on 
these findings, the World Health Organization (2018) has introduced a number of targeted objectives 
to mitigate the causes and effects of MVC risk factors that most affect society at large. However, the 
effects of these efforts have so far been “insufficient” (World Health Organization 2018). It can 
therefore be reasoned that further insights are needed into the nature of MVCs and their effect on 
injury occurrences and severities. We seek to confirm the risk associated with a number of factors 
that the World Health Organisation identify as important considerations, and confirm the 
appropriateness of their initiative targets. We also aim to provide additional insights in to the leading 
risk factors within MVC severities.  
The impact of road safety on society is substantial and numerous studies have also pointed to the 
economic detriment that is posed by MVCs. Schoeters et al. (2017) find a cost-per-serious-injury 
range of €28,000 – €975,000 within European countries, with a median value of €255,000. Wijnen et 
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al. (2017) further find using a series of court-awarded and willingness-to-pay estimates that serious 
injuries sustained in MVCs incur average injury-related costs between €223,000 – €846,000 amongst 
European countries. Blincoe et al. (2015) determine that MVCs within the United States in 2010 had a 
total economic cost of $242 billion dollars, of which speeding-related offences accounted for $52 
billion. Achit and Carnis (2016) also conclude that an increased age and injury severity is linked to 
higher economic costs. Despite the presence of research showing that a significant level of economic 
savings can be afforded by introducing injury prevention methods (Kotagal et al. 2014, Devos et al. 
2017), there is a relative dearth in studies that directly link crash events with their costs to society.  
In order to provide clarity on the role that collision events have on injuries and their associated 
severities, and to measure the impact of MVCs on societal costs, this thesis explores challenges that 
relate to: 
1. the lack of clarity on the extent to which collision factors influence economic and 
compensation costs 
2. the influence that impact velocity plays on collision factors frequently linked with injury 
severity, and 
3. detecting the presence of specific injuries as a result of collision events.  
This thesis addresses these challenges using a number of alternative approaches that capture 
information between collision events and their subsequent effect on injury severity. These 
approaches afford a better understanding of the dynamics of MVC severity, and open a new approach 
to cost-benefit analyses. This thesis is well-positioned, therefore, to assess the impact that oncoming 
changes to vehicle technology will have on the road environment, as increasing levels of vehicle 
autonomy and ADAS-enabled vehicles will change the typology of risks being faced by road users.  
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1.1.2 Research Contribution 
The emergence of data relating to the dynamics of motor vehicle collisions warrants further 
investigations into the level of risk faced by vehicles in the road environment. This thesis proposes 
alternative, data-reliant methodologies that address existing issues within the arena of transport 
safety and insurance loss-event risk. Mannering et al. (2020) identify four main methodological 
approaches that are used to study MVCs. These include 1) traditional statistical approaches, 2) data-
driven inferences, 3) causal inferences, and 4) uncertainty inferences.  
1 Traditional statistical approaches include standard regression models, such as linear 
regressions, logistic regressions, and probit regressions. These methods formed the basis of 
transportation research upon which the study of MVCs have been based. Early examples 
include O’Donnell and Connor’s (1996) use of ordered logistic and probit regression to 
identify collision factors related to an increased injury severity, and Shankar and Mannering’s 
(1996) use of multinomial logistic regression to ascertain collision factors that best-belong to 
specific injury severity groups. Traditional statistical approaches are still used in 
contemporary MVC severity literature, as evidenced by Fan et al.’s (2016) approach to 
determining key risk factors linked to crash severity at railway crossings. 
2 Data-driven methods are often ascribed to machine-learning techniques such as neural 
networks or tree-based classification networks. This is founded on the belief that an accurate 
model output is of greater priority than the dynamics of the predictor variables that influence 
the output. Although it is more commonly referred to as a ‘black box’ methodology, a data-
driven model is more strictly defined as a statistical approach where associations are found to 
infer strategic decisions. This comes at the expense of focusing on the underlying mechanics 
behind the relationships. Data-driven approaches to MVC severity analysis have become 
increasingly prevalent in recent years, with neural networks (Delen et al. 2006, Zeng et al. 
2016, Sameen and Pradhan 2017, Taamneh et al. 2017), and tree-based regressions (Chang 
and Wang 2006, Kashani and Mohaymany 2011, Abellán et al. 2013, Schetinin et al. 2018) 
particularly prominent. 
3 Causal inferences involve statistical techniques that are employed to establish a causal 
connection between a risk factor and the outcome of the effect. Causal inferencing goes 
beyond finding ‘associations’ between collision factors and injury severity outcome, and 
requires rigorous testing frameworks to ensure that all variance regarding the event is 
explained within the model. Causal inference models have been identified as a fruitful 
approach in the field of transportation research. This is in part because of its ability to unravel 
the nature of a relationship between predictor variable and outcome variable. One approach 
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is to examine the disruptive effects that are brought on by the introduction of an intervening 
variable, as an appropriate intervening variable may account for a large portion of the 
variance that was initially captured in the relationship between predictor and outcome. There 
are concerns regarding the complexity of drawing conclusions of causal pathways in the 
transport arena, given the extent of the inherent randomness that exists among motor 
vehicle collisions (Brathwaite and Walker 2018). These concerns are partially allayed provided 
that the mediator is chosen such that it follows two conditions. These conditions involve the 
mediator following the predictor variables temporally, but preceding the outcome variable, 
and theorised evidence of a significant relationship existing between the mediator and both 
predictor and outcome variable.  
4 Uncertainty inferencing indicates models that account for an inherent bias or variance in the 
outcome that cannot be fully explained by the recorded information. Statistical approaches 
containing these methods are commonplace in fields where the event of interest is inherently 
random, or suffers from ‘unobserved heterogeneity’. Unobserved heterogeneity describes 
seemingly-similar events that nevertheless result in widely-differing outcomes. This issue is 
compounded by a lack of adequately-collected data, or data that is otherwise difficult to 
record. Unobservable randomness has been identified as a major affliction within traffic 
safety and MVC analyses (Mannering et al. 2016). Due to a large number of random events 
that can occur prior to, and during, a motor vehicle collision, attempts to capture this 
unobservable randomness has become the focal point of contemporary MVC analyses. 
Commonly-used approaches include the introduction of random parameter models that allow 
for model coefficients to vary according to pre-defined distributions (Ye and Lord 2011, 
Cerwick et al. 2014, Fountas et al. 2018a, Fountas et al. 2019), or mixed random-effect 
models, where coefficients vary according to a pre-defined mixture of distributions 
(Savolainen et al. 2011, Kim et al. 2013). 
In order to provide additional insights in to the dynamics underlying motor vehicle collisions, and their 
effects on the nature and severity of MVC injuries, this thesis makes use of the above-mentioned 
techniques to address gaps in MVC literature. The insights we provide on collision dynamics can 
benefit a multitude of stakeholders within the motor vehicle industry. The data we make use of in this 
thesis is a cross-sectional view on motor vehicle collisions. The data is reconstructed, collated, 
labelled, and ultimately made publicly available by the National Highway Traffic Safety Administration 
(NHTSA) for research purposes. The contribution we provide to the arena of transport safety and 
economic analysis is the selection and application of appropriate statistical techniques with which to 
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examine the data. A description of the suite of statistical techniques that we make use of in this 
thesis, and their applicability to the examination of motor vehicles collisions, are outlined as follows: 
1 Penalised Logistic Regressions – Firth, Lasso, Ridge, and Elastic Net 
Chapters Used: 5 
Logistic regression is a form of linear regression where the outcome of interest is measured 
on a categorical scale, rather than a continuous scale. Based on an optimally-weighted 
average of the explanatory variables, an underlying continuous latent measure is transformed 
to represent a probability between 0 and 1. This probability represents the likelihood of an 
event occurring (when provided with a binary outcome) or the likelihood of the event 
belonging to a specific category (when provided with nominal or ordered outcomes). In MVC 
settings, logistic regressions use a combination of collision factors to ascribe the expected 
injury severity level to the most appropriate class, or injury level (Moudon et al. 2011, Verzosa 
and Miles 2016). 
In some cases, there exists an inherent bias in the data, or bias in the explanatory variables 
that are used to determine the outcome of interest. To mitigate this partiality, we introduce a 
number of bias-correction approaches to logistic regression. These take the form of penalised 
maximum likelihood estimation (PMLE) models, which are a family of regressions that 
penalise scores to reduce error among the outcome predictions. PMLEs include Firth Logistic 
Regression, Lasso Logistic Regressions (L1 Regularisation), Ridge Logistic Regressions (L2 
Regularisation) and Elastic Net Logistic Regressions (L1+L2 Regularisation). These are often 
used when the outcome to be measure is imbalanced (i.e. under- or over-represented). 
PMLEs are also often used in fraud settings, where positive outcome events are typically rare 
(Bauder and Khoshgoftaar 2018).  
Lasso, Ridge and Elastic Net Regression operate by penalising the log-likelihood score that 
dictates the magnitude of the coefficients within the model. This has the effect of 
counterbalancing the existing bias within the data by including user-defined bias in to the 
model. Lasso regression identifies variables that contribute toward an increasing error term 
and sets these factors to be 0. Ridge regression, like Lasso regression, identifies predictive 
factors that contribute to increasing the error within the model. However, unlike Lasso 
regression, Ridge regression merely shrinks the magnitude of their effects sizes so as to 
minimise their inefficient impact on the prediction estimates. Elastic Net is a mixture of the 
two techniques, where the ratio of emphasis placed on either Lasso or Ridge penalisation is 
set between 0 and 1. A variant of the Lasso regression, the Grouped Lasso regression 
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(GLASSO), has previously been used to find road environment factors associated with higher 
crash frequencies (Haleem and Abdel-Aty 2012). A Ridge regression approach has been used 
in a likewise manner in road safety analyses – for example, to measure the impact that traffic 
congestion has on crash frequencies (Shi et al. 2016).  
The Firth Regression approach differs somewhat from the aforementioned methods as it 
penalises the maximum likelihood estimator itself, rather than penalising the estimates that 
come as a result of the estimator. This has the tendency to draw predictions toward 0.5 as 
well as weights toward 0, which is a beneficial approach when the outcome of interest is a 
‘rare’ event in the sample. Although this particular variant of PMLE is not exceedingly popular 
in MVC severity settings, Wang et al. (2017) find using a Firth Logistic Regression approach 
that bicycle-related MVCs are more likely to occur in sparsely-populated road intersections, 
but are more likely to occur in high commercial areas within densely-populated streets.  
2 K-Fold Cross Validation 
Chapters Used: 5 
Statistical analyses that are conducted with a limited sample benefit from the use of 
resampling techniques, as do statistical analyses that are conducted where the event of 
interest is a ‘rare’-event. These techniques are particularly beneficial in settings where a 
predictive model is generated based on sample data, and tested using out-of-sample data. A 
K-Fold Cross-Validation approach is a common resampling techniques that splits the within-
sample data into 𝐾 mutually-exclusive, roughly equal-sized folds. The weights of the model 
are formed on 𝐾 − 1 folds and validated using the remaining fold. The process is iterated 
Figure 1 – Representation of a 5-Fold Cross Validation resampling approach, where the model is generated 
on 80% of the sample and ultimately tested against the remaining 20% out-of-sample data. The data 
containing 80% of the sample is split in to 5 roughly-sized portions. The model is generated on 4 folds, and 
its performance measured against the remaining validation fold. This process is repeated across the five 
folds, and the final model is an average of the weights generated among the 5-fold runs. Predictions are 
then provided for the remaining 20% of the sample withheld from model-training. 
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until, all folds have been used as both a training and validation set. This process is 
represented in Figure 1. The use of a K-Fold Cross Validation resampling method therefore 
lends robustness to the analysis in question as it: 
i. Ensures that all observations are used to inform the weights of the explanatory variables. 
ii. Ensures that the final model upon which predictions are made is not the result of a biased 
initial subsample. 
This technique is a frequent feature within MVC injury analyses, mainly due to its ability to 
reduce bias amongst the parameters in the final model (Chiou 2006, Delen et al. 2006, Xu et 
al. 2013). 
3 Bayesian Probit 
Chapters Used: 4 
A probit regression is a form of linear regression where the outcome of interest is measured 
on a categorical scale, rather than a continuous scale. As such, a probit regression is similar to 
a logistic regression, albeit with a distinctive difference in the interpretation of estimates. 
Rather than reporting the direct effect of individual factors on the likelihood of an event 
occurring, the effects of individual factors in a probit regression are dependent on their 
position along the probability curve. This is because the weights of a probit model indicate 
expected changes to an underlying standard normal distribution, rather than indicating 
expected changes to the odds ratio. Therefore, the direct effect of individual factors cannot 
be inferred in a probit setting, as all factors must be considered when deriving a probability 
for the occurrence of the event of interest. The Bayesian variant of the probit regression 
models lends an additional layer of robustness to the estimates by a standard probit 
regression. Whereas frequentist statistics draws conclusions from sample data by 
emphasizing the frequency or proportion of the data, Bayesian statistics allows for the 
probability of a hypothesis to be updated as more evidence or information becomes available 
(Sheehan et al. 2017). Bayesian approaches also allows for prior beliefs to be instilled in the 
results of the data, so that it can  
i. Find an optimal solution with greater computational efficiency, and  
ii. Update prior beliefs to inform current estimates  
We use a Bayesian Binary Probit regression model in Chapter 4 to discern the probability of 
an occupant sustaining a serious or worse injury in an MVC. This approach allows for a 
credible range of estimates to be provided on the impact that collision events have on the 
occurrence of serious or worse injuries. Bayesian probit models have previously been used in 
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MVC severity literature – Yu and Abdel-Aty (2014) and Yuan et al. (2020) use the methodology 
to examine the propensity of collision factors to cause injuries. 
4 Log-linear Regression 
Chapters Used: 2, 3, 4 
A log-linear regression model is an extension of the linear regression approach, where the 
outcome variable of interest is log-transformed to satisfy statistical assumptions. The 
objective of the linear regression approach is to find an optimally-weighted average of the 
predictor variables to explain and predict the continuous dependent variable, and the same 
follows for a log-linear approach. The optimal average is reached when the difference 
between the linear predictions and the observed values reach an appropriate, pre-
determined minimum. The variable weights of the model that reached this minimum are 
thereafter taken to represent adequate predictive weights for future observations. The future 
observations are expected to contain the same details as the historical observations upon 
which the model was generated. In Chapters 2, 3, and 4, we make use of the log-linear 
regression model to measure scalar proxies of injury severity. A log-linear approach is not 
widely used in the realm of MVC severity analysis, however Boufous et al. (2008) use it to 
predict an occupant’s ‘survival risk ratio’ – a linear representation of severity based on an 
underlying probability of survival. It is more commonly used to represent the frequency of 
MVCs, as evidenced by Meng and Qu (2012), and mortality rates relating to MVCs (Zhang et 
al. 2011, Tolón-Becerra et al. 2013). 
5 Mediation Analysis 
Chapters Used: 3, 4 
A mediation analysis is a method commonly used in healthcare settings to investigate the 
effect of an intervening action on a subject’s outcome (Imai et al. 2010, Gunzler et al. 2013). 
More specifically, it measures whether the relationship between an independent variable and 
a dependent variable can be explained by a third intervening variable. A mediation analysis 
can be thought of as a series of regression models that partitions the effects of explanatory 
variables on dependent variables into three parts (Muthén et al. 2017). A representation can 
be found in Figure 1. The direct effect model (𝐶′) is a linear regression describing the typical 
relationship between predictors and response variables, where the mediator is included as a 
factor. The indirect effect model is the product of the linear relationship between the 
mediator and the outcome variable (𝐵), and the linear relationships between the remaining 
predictor variables and the mediator (𝐴). The total effects model is a summation of the direct 
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and indirect effects, and measures the impact of the predictors on the outcome following the 
exclusion of the mediator variable ([𝐴 × 𝐵] + 𝐶′).  
 
Figure 2 – An example of a univariate mediation analysis, as proposed by Baron and Kenny (1986). 
An examination of the direct, indirect and total effects allows for the influence of the 
mediator on other predictors to be identified, as well as revealing concealed relationships 
that may impinge on the nature of the predictor-outcome relationship. Established evidence 
must exist of a relationship between the variables considered among models 𝐴, 𝐵, and 𝐶′ for 
a mediation effect to be investigated (Zhao et al. 2010), and there must be a temporal order 
among the variables involved (Kraemer 2008). In other words, the dependent measure must 
follow the mediation measure, which in turn must follow the explanatory measure. In 
Chapters 3 and 4, we use a mediation analysis to investigate the mediating role that delta-V 
has on a set of environmental, kinematic, and anthropometric factors involved in MVCs. We 
find in Chapter 2 that delta-V plays a predominant role in MVC severity, so we seek to 
investigate if this this collision factor has a significant bearing on other collision factors’ 
relationship with injury severity. Based on our findings in Chapter 3 and 4, counterfactuals can 
be introduced in later studies to identify causal relationships between crash factors and injury 
severity, rather than associations. A mediation analysis approach is a not a common feature in 
MVC severity literature, although it has found some use in describing the nature of collision 
frequencies (Gargoum and El-Basyouny 2016, Kamel and Sayed 2019). 
Motor vehicle collisions are complex events that are afflicted by a high level of unexplained variability. 
Statistical examinations of their causes and effects must also be appropriately complex, in order to 
capture the high level of inherent randomness that exists within collision events. The techniques 
outlined above are intended to augment our view on Motor Vehicle Collisions, and provide a step 
toward practical solutions for existing issues. We intertwine two of the four main methodological 
approaches within the studies in this thesis, and we also develop a framework that allows for a third 
methodological approach to be applied. One chapter (Chapter 2) within this thesis makes sole use of a 
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traditional statistical approach, while two other chapters (Chapters 3 and 4) contain elements of this 
approach. Chapter 2 makes use of a log-linear analysis to explore collision factors that influence 
partial compensations costs that affect policyholders on a per-vehicle basis. Chapter 3 develops upon 
this approach and explores the impact of collision factors on compensation costs on a per-occupant 
basis. Chapter 4 uses a log-linear approach to investigate the collision factors that influence the 
number of injuries to be suffered by an occupant.  
The latter two chapters also make use of a mediation analysis, which is a framework that allows for 
causal inferences to be developed. Causal pathways can be discerned by subjecting significant 
findings to a sensitivity analysis, wherein the robustness of these relationships are assessed by 
introducing counterfactuals. Therefore, the approach provided in Chapters 3 and 4 can ratify causal 
relationships between collision events and injury severity by stress-testing the findings against a 
number of counterfactual scenarios. Finally, acting under the assumption that a data-driven model 
allows for greater insight into strategic decisions, rather than investigating associative links, Chapter 5 
adopts a data-driven methodological approach. In this chapter, we investigate the feasibility of 
predicting a ‘likelihood of whiplash’. We compare the utility of four penalised maximum-likelihood 
estimate (PMLE) models and a standard logistic regression model to discern the likelihood of whiplash 
occurring when provided with specific collision details. This approach offers a number of practical 
benefits for those exposed to motor insurance fraud or healthcare fraud, as well as highlighting links 
between crash events and minor cervical injuries. The contribution of this thesis to academia is using 
a suite of statistical approaches and methodologies in order to address contemporary issues that are 
brought about by MVCs. These approaches attempt to elucidate the role that collision events have on 
injuries and their associated severities, and to measure the impact of MVCs on societal costs. The 
following chapters delve into more detail surrounding the aforementioned methodological 




1.2 Thesis Objectives 
 
This thesis proposes alternative and proactive approaches to quantitatively assess the risk factors 
that play a large role in determining the severity of injuries stemming from an MVC. A suite of 
statistical techniques is used to examine a collision database containing cross-sectional details on 
the kinematic, environmental, anthropometric and vehicle characteristics of MVCs. The purpose 
of this thesis is to use the insights gleaned from the conducted analyses to address current issues 
that affect the personal injuries stemming from MVCs, and provide a basis upon which insurance 
loss-event literature can be combined with MVC analysis. Furthermore, we qualitatively assess 
primary insurers’ role as a key stakeholder in the motor vehicle industry as the road ecosystem 
becomes increasingly dependent on advanced safety mechanisms and cross-vehicle 
communications. Based on these purposes, each journal article in this thesis addresses an existing 
and emerging issue within transport safety and insurance risk according to the following research 
objectives:  
1. Explore the economic detriment of motor vehicle collisions, using injury severities as a basis 
for examination. 
2. Establish the extent to which collision factors can predict the probability of specific injuries 
being suffered and their severities.  
3. Establish the underlying dynamics between collision events and their subsequent impact on 
injury severity.  
4. Examine the impact that disruptive technologies will have on actuarial science.  
Page 24 
1.3 Thesis Structure 
This PhD thesis is presented in an article-based format, where a collection of five research studies 
explore the research objectives outlined in §1.2. Chapters 2 – 4 present studies that have either been 
published, or are currently under-review, within an upper quartile (Q1) peer-reviewed journal in the 
field of ‘Transportation’ or ‘Public Health’. Chapters 5 – 6 are currently under-review within a peer-
reviewed journal in the fields of ‘Accounting’, ‘Economics and Econometrics’, and ‘Finance’. 
 
Chapter 2: 
Chapter 2 reviews the methodological approaches that have traditionally been used to capture the 
severity of motor vehicle collisions (MVCs), and proposes an alternative approach that allows for a 
more granular examination of the severity of MVCs. We find that collision severities are typically 
examined through the lens of binary- or discrete-outcome models. Rather than relying on the 
traditionally-used discrete- or binary-outcome models to link collision factors with the most severe 
injury suffered in an MVC, we instead use a log-linear regression model to measure the economic 
detriment of injuries suffered in MVCs. In this sense, we use economic costs as a proxy for injury 
severity. The log-linear regression approach allows for a more granular view into the nature of MVC 
severity, as it allows for economic costs to be directly linked with the events leading up to, and 
occurring during, the collision. The methodology we propose addresses a gap in road traffic safety 
analyses as it provides a platform upon which economic costs relating to motor vehicle collisions can 
be explored in detail. Quantifying the impact of collision factors from the perspective of economic 
costs provides a first step in bridging the gap between insurance risk-pricing and collision severities. 
The log-linear regression approach finds an optimally weighted average of the predictor variables to 
predict the scalar-outcome variable. In our case, we use collision factors to predict the expected 
compensation that is owed to injured occupants in a vehicle. To the best of the authors’ knowledge, 
this is the first approach to use all injuries suffered in an incident, rather than focusing on the most 
severe injury. Using a set of 38 collisions event parameters, with 7 acting as controls, we fit a 
predictive model based on 425 detailed collisions. We compare the fit of the model against other two 
models that are typically used in MVC injury analyses (Mannering and Bhat 2014, Yasmin et al. 2014a, 
Ye and Lord 2014). Fit statistics indicate that our model provides a better fit for the data than the 
typically-used models. The per-vehicle perspective provides an indication of the total compensation 
loss for all injured parties in a recorded MVC. As well as addressing a gap in the literature in terms of 
vehicle and traffic safety, we address what may become an important consideration in insurance risk 
exposure – providing an initial estimate for expected loss given the details of the event. 
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The results in this chapter are based on the publicly-available CIREN (Crash Injury Research 
Engineering Network) database, for collisions occurring between 2005 and 2014. This NHTSA-
sanctioned database is based on detailed crash site investigations and reconstructions, and combined 
with data obtained from participating hospitals on the specific injuries that were suffered in the 
collision. The goal of CIREN is to increase the transparency between collision events and the injuries 
suffered, with the specific objectives of better directing traffic safety campaigns and better informing 
vehicle engineering. We advance traffic safety literature in this chapter by additionally combining 
CIREN data with standardised guidelines on the appropriate compensations to be awarded if there is 
medically-supported evidence of pain and suffering. The ‘Book of Quantum’ is commonly used to 
inform judicial cases related to personal injury claims in the Republic of Ireland. Therefore, we 
introduce in this chapter an economic-detriment approach to the causes of motor vehicle collisions.  
After removing non-influential parameters from the initial set of 38, the final results indicate that 6 
collision factors play a key role in influencing the total per-vehicle expected compensation. The results 
align with the conclusions drawn in prior studies on injury severity. Relative crash velocity, airbag 
availability, crash types, vehicle body types, and environmental conditions all play an individually-
significant role in the make-up of an initial compensation estimate. To demonstrate the efficacy of the 
fitted model, we introduce a case study for a CIREN-recorded incident. Based on the description of 
the vehicle, the environment, and the crash event, the fitted model produces a compensation 
estimate that aligns well with the standardised guidelines set out in the Book of Quantum. The study 
presented in this chapter therefore indicates that it is feasible for insurers to be provided with an 
appropriate ‘initial estimate of loss’ solely based on the events of the crash.  
 
Chapter 3: 
Chapter 3 presents an occupant-focused approach to measuring the economic detriment of MVCs. 
We develop on the findings of Chapter 2 in this study, however, our focus is on exploring the impact 
of collision events on individual occupants rather than focus on per-vehicle crash severity. As with 
Chapter 2, the outcome measure was related to expected compensation costs based on the injuries 
suffered in an MVC. Our primary motivation in developing upon the findings of Chapter 2 was to 
further explore and refine the creation of case-by-case initial estimates for compensation costs owed 
to injured parties. To the best of our knowledge, this is the first study to provide compensation 
estimates for individual casualties based on descriptions of motor vehicle collisions.  
We make use of an MVC dataset that is generally representative of the nature of collisions seen on 
roads and so the injuries suffered are representative of common afflictions. The distribution of our 
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compensation estimates followed a lognormal or gamma shape, as is commonly found in a motor 
insurance setting (Eling 2012). Using these estimates, we re-use the log-linear approach outlined in 
Chapter 2. However, in Chapter 3, we placed further emphasis on identifying causative and influential 
collision factors on compensation estimates. We report both standardised effects (the extent of the 
influence exerted by collision parameters when all factors are measured on a uniform scale) and 
unstandardised effects (the most influential collision parameters when all factors are measured on 
their original scale). Therefore, we significantly contribute to academic findings by connecting aspects 
of insurance loss-event literature, injury severity literature, and MVC analysis literature. 
The data was formed from NHTSA’s National Automotive Sampling Systems’ Crashworthiness Data 
System (NASS-CDS). We examined collision events and their associated injuries from a five-year span, 
ranging from 2010-2015. Our final dataset totalled 2520 injured occupants, and the explanatory 
variables are made up of a set of 46 environmental, kinematic, and anthropometric factors involved in 
MVCs. 10 explanatory variables acted as controls. As we placed increased focus on the practical 
benefits of our findings, we investigated the economic impact of specific collision factors. Among the 
most influential collision parameters are the details of the occupant – older occupants tended to incur 
significantly higher compensation estimates, whereas taller occupants were related with significant 
decreases in compensation. Overall, the results were in accordance with prior findings that 
investigated the link between collision parameters and injury severity. We also provide evidence that 
the findings of this chapter are useful in an empirical setting. Comparisons to published estimates on 
the distribution of claim frequency and size was similar to the distribution of compensation estimates 
established in our study (Central Bank of Ireland 2019). Therefore, the model formed in this chapter is 
of practical benefit to insurers and clients alike, as accurate initial insights can mitigate the effect of 
litigation risk, and inform the appropriate level of capital reserves to maintain for compensation claim 
payments. 
The secondary focus of Chapter 3 was on addressing specific insights that were gleaned from the 
results of Chapter 2. We find in the prior study that relative impact velocity plays the unequivocally 
primary role in influencing expected compensation, and we sought to further investigate this effect. 
Therefore, we used a mediation analysis approach to assess the intervening role that delta-V plays on 
other collision factors. We adopt the use of a mediation analysis to carry out this investigation. By 
adopting this approach, we could partition the relationship between collision factors, delta-V, and 
expected compensation into separate models. As such, we could carry out a closer examination of the 
impact that specific crash factors have on economic loss. The results confirmed that relative impact 
velocity (delta-V) plays the primary role in influencing compensation costs that are owed to individual 
occupants in a motor vehicle collision. The mediation approach also allowed us to further explore the 
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dynamics of collision factors that are often linked with injury severity. We find that some collision 
factors only present as significant due to the underlying effect of delta-V, and are not significant 
factors when examined without the influence of delta-V. However, we also find evidence that some 
collision factors significantly influence expected compensation regardless of crash velocity. Some of 
these collision factors included seatbelt use, drivers acting under the influence of alcohol, and 
collision types that could have been prevented if ADAS systems had been present. Therefore, as well 
as presenting insights that are useful from an insurance perspective, our study allows us to confirm 
the appropriateness of common road safety campaigns (i.e. use of restraints and refraining from 
alcohol-impaired driving) (World Health Organization 2018), and an increased proliferation of vehicles 
equipped with advanced driver assistance systems (Bareiss et al. 2019). 
 
Chapter 4: 
There has been increased emphasis in recent decades on understanding the main collision 
circumstances that influence injury severities (Aarts et al. 2016). The findings in Chapter 3 provide 
evidence that there is specific utility in using a mediation analysis to explore the dynamics between 
delta-V, injury severity, and other collision factors. Chapter 4 expands on this notion and investigates 
the relationship between collision events and injury severity through the use of a mediation analysis, 
where delta-V acts as a mediator. Chapter 4 addresses a gap in the literature of MVC severity as, to 
the best of our knowledge, a mediation analysis approach has not yet been used to describe collision 
severities. 
We explore the insights provided by a mediation analysis by using a binary-outcome model as well as 
a continuous-outcome model. Rather than introduce an economic cost approach, we focus on two 
injury severity metrics that directly describe the personal detriment suffered by an occupant. These 
severity metrics are the number of injuries suffered by individual occupants and the extent of the 
most severe injury suffered by each occupant. The ‘most severe injury’ indicator is otherwise known 
as the Maximum Abbreviated Injury Scale score (MAIS) and is measured on an ordinal scale between 
‘1’ (minor) and ‘6’ (currently untreatable). An MAIS score of 3 or above is defined as a ‘serious traffic 
injury’ (Aarts et al. 2016). As such, we use MAIS 3+ as the binary threshold upon which to define a 
serious MVC. 
We analyse the same data as outlined in Chapter 3 – 2520 NASS-CDS cases from 2010-2015 are 
examined, with 46 predictors variables explaining the differing levels of injury severity. The models we 
use to investigate these relationships are a log-linear regression model, and a binary probit model. As 
previously outlined, the log-linear regression approach finds optimal weights for the explanatory 
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variables to predicted the continuous outcome. On the other hand, the binary probit approach finds 
optimal weights for the explanatory variables to classify the expected outcome as a positive 
prediction, or a negative prediction. Our purpose in Chapter 4 is to use make use of the factors 
describing collision events to:  
i. calculate the expected number of injuries on a case-by-case basis using a log-linear regression 
approach, and 
ii. discern the probability of individual occupants suffering an MAIS 3+ injury using a binary 
probit model. 
We introduce a further condition to the binary probit model by adopting a non-frequentist statistics 
approach. In this chapter, we use a Bayesian variant of the binary probit regression model. The use of 
these two model approaches additionally offers a mixture of statistical significance (i.e. 
unstandardised estimates, p-values) and practical significance (i.e. standardised estimates, effect sizes 
and confidence intervals). Considering both the statistical and practical significance of our results has 
specific utility in the field of road safety given the level of randomness and variability that is 
exceedingly difficult to capture in MVCs. 
The results confirm that relative impact velocity (delta-V) plays the primary role in influencing injury 
severity, and that the two severity metrics are significantly positively correlated. As well as providing 
insights in to the collision factors that influence the nature of injury severities, we contribute to the 
literature set on injury severity by identifying whether different severity metrics are influenced by 
different collision factors. The results provide evidence of this – we find that collisions occurring in 
dark conditions result in fewer injuries, but increase the chances of suffering a serious or worse injury. 
We also find that females tend to incur more injuries on average, but sustain fewer MAIS 3+ injuries. 
Given the strong positive correlation between the two severity metrics, these are relationships that 
require further exploration.  
We also draw the conclusion that delta-V plays a significant intervening effect on the relationships 
between independent and dependent variables. We find evidence that some crash factors only 
significantly influence crash severities due to the secondary role played by delta-V. This result is a 
significant contribution to the literature set as it has previously been proposed that the likelihood of 
fatalities and severe injuries fall with an increase in gross vehicle weight (Lemp et al. 2011) – we 
propose, however, that this is only the case because collisions involving larger vehicles occur at low 
speeds. Overall, our findings largely agree with prior research, and with the findings outlined in 
Chapter 3. 
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Furthermore, the results once again support the increased dissemination of ADAS-enabled vehicles, 
as detrimental crash types and collision factors could be ameliorated by the advanced-safety 
technologies that are available in these vehicles. The robustness of our findings are verified by the 
application of our models on fresh data. We applied the models to a set of data detailing MVC 
collisions that occurred in 2017. The out-of-sample testing demonstrates a strong ability of the 
models to estimate the expected number of injuries, and likelihood of serious injury. The number of 
injuries suffered by 78% of observations in the test data were within the predicted range of the log-
linear regression model. The Bayesian binary probit model also identified over 70% of MAIS 3+ injuries 
in the out-of-sample data, while maintaining over 90% accuracy. 
 
Chapter 5: 
The nature of the analyses conducted in Chapters 2 – 4 indicates that any conclusions relate to the 
overall severity of an MVC. The objective of this thesis is to explore practical solutions that can be 
provided to insurers and road safety analysts alike. On that basis, it stands to reason to investigate 
specific injuries that are sustained in MVCs, and the details of the collision that led to these injuries 
being suffered. A pressing issue that currently exists in the insurance arena is the frequent occurrence 
of whiplash-related injuries, or minor cervical strains caused by abnormal external motions and 
forces. Almost 80% of personal injury motor claims in the UK and Ireland are attributable to whiplash 
(Personal Injuries Commission 2017), and whiplash injuries have previously culminated in anti-fraud 
campaigns in Sweden and Norway (Swedish Whiplash Commission 2005). 
Chapter 5 presents an occupant-focused approach to determine the collision events that are primarily 
linked with whiplash-related injuries. We address a gap in the literature in this chapter as previous 
studies on whiplash-related injuries detail the epidemiology of whiplash (Krafft et al. 2005, Sarrami et 
al. 2017, McCabe et al. 2019) and their subsequent impact on a casualty’s quality-of-life (Hours et al. 
2013, Walton et al. 2013, Tournier et al. 2016). Our approach in this chapter deviates from prior 
investigations as we detail the collision factors that lead to their occurrence. The benefits of our 
approach are two-fold: 
i. Developing upon the system proposed in this chapter provides valuable insights to insurance 
fraud specialists, as the details of the collision events can be compared with the severity of 
the clinical picture provided by claimants, and 
ii. By identifying collision factors that influence the occurrence of whiplash, vehicle engineers 
can adapt common safety equipment to prevent or mitigate the frequency of minor neck and 
spine injuries. 
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We examine collisions from the NASS-CDS database outlined in Chapters 3 and 4. In contrast to the 
extensive set of collision factors considered in Chapters 3 and 4, in Chapter 5 we make use of collision 
factors that are reasonably-accessible to insurance fraud specialists. To focus our analysis on the 
subgroup most at-risk (Martin et al. 2008), we only consider the drivers of the vehicles that were 
involved in MVCs. Our examinable dataset totalled 1764 injured drivers, with the occurrence of 
whiplash-related injuries being explained by 31 collision factors (of which 4 act as control). 
We use a Logistic Regression approach to capture the probability of whiplash being suffered based on 
the details of the collision. However, whiplash injuries are under-represented in the sample (18.5%). 
The coefficients provided by the model may therefore be biased due to the low frequency of whiplash 
events. We address this issue by additionally implementing four penalised logistic regression 
approaches. These methods reduce the variance in the estimates and correct for the under-
representation of desired outcome events. These corrections increase the probability of a rare event 
being correctly identified as they increase the level of separation between events (whiplash) and non-
events (non-whiplash) that are subject to similar crash factors. This is particularly advantageous in 
applications to MVCs, where an inherent randomness exists between crash factors and the injuries 
sustained. 
To ensure adequate robustness among the Logistic Regression estimates, we make use of a 
resampling technique. We employ an 𝑛-repeated 𝐾-fold cross-validation methodology in order to 
complement the use of the Firth Logistic Regression model. The weights attached to our explanatory 
variables are the averaged results of 𝑛 × 𝐾 randomly re-sampled model runs. This statistical approach 
verifies that all observations are used to inform the weights of the explanatory variables, and the final 
model upon which predictions are made is not the result of a biased subsample. 
The reduced-form model that is generated using our statistical approach reasonably outperforms 
baseline models in out-of-sample testing. The results also provide insight in to the collision dynamics 
and occupant characteristics that influence the occurrence of whiplash-related injuries. Airbag 
deployments upon the driver reduce the likelihood of whiplash injuries, as do collisions where the 
seat is set to its foremost track position and collisions where the driver is under the influence of 
alcohol. Females and rear-end collisions are associated with an increased likelihood of whiplash. 
These factors agree with prior research, indicating the utility of using a data-driven approach to 





One of the primary objectives of this thesis is to investigate how motor insurers may adapt to a 
market dominated by big-data and technological advancements. The development of ADASs and 
automated vehicles, and the data they generate, has the potential to not only severely disrupt the 
motor vehicle industry, but the motor vehicle insurance industry also. Chapter 6 reflects on the 
current state of the motor insurance market and details a plausible change in actuarial considerations 
as ADAS-enabled vehicles, semi-autonomous vehicles (SAVs) and, eventually, fully-autonomous 
vehicles (AVs) become a common feature in the transport environment. The current academic focus 
is on the specific effects that advanced-safety technology will have in reducing crash frequencies and 
severities. However, there are few studies that consider the ancillary effects resulting from the 
introduction of these technologies. This chapter addresses this gap in the literature by offering an 
exploratory view on the future landscape for risk-pricing in relation to motor insurance.  
The actuarial risk classification system that currently underpins motor insurance policies has long-
been afflicted by the influence of asymmetric information. The information mismatch that exists 
between insurer and clients is a latent issue caused by a lack of reliable data on the risk habits of 
policyholders. To circumvent this, a risk-pooling approach has become standard practice. This 
approach aggregates the risk faced by a multitude of policyholders, and results in risky drivers being 
undercharged for the risk they pose, and safer drivers being overcharged. This latent issue can be 
addressed through the use of statistical methods that take advantage of newly-available data on the 
policyholder’s driving habits. Preliminary adaptations have already been made in this regard, as 
insurers have begun to incorporate a large influx of naturalistic driving data into their pricing models 
(Baecke and Bocca 2017). Furthermore, some territories provide discounts on vehicles containing 
ADASs (Baumann et al. 2019). Despite these developments, the incorporation of the risk reduction 
provided by ADAS-enabled vehicles and driver-monitoring is not yet widespread. We argue that this 
reaction latency may become a larger issue within the insurance industry as technologies become 
increasingly proliferated. As a key stakeholder in the motor industry, insurance providers must 
proactively assess the risk they face with the introduction of AVs. 
We gather an extensive set of literature detailing the future expected landscape for AV-laden roads 
that has been provided by academic and corporate leaders alike, where each issue relating to AV-
dissemination and societal impact is addressed individually. We consider a suite of factors that 
describe the societal impact and dissemination of advanced-technology vehicles as they progress 
along the levels of automation described by SAE International (2016). These factors include 
advancements in safety technology, shifting terms of liability, emerging risks, the role of anticipatory 
governance and regulations, and the overall impact of AVs on mobility optimisation. Ultimately, these 
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factors will culminate in a shift away from private vehicle ownership and toward the use of AVs as a 
mobility-as-a-service that contain more passengers on average.  
Combining these factors together, there is evidence that the actuarial impact that AV technology will 
have may not align with the actuarial considerations upon which the insurance industry currently 
operates. It is plausible that the majority of events that are today classified as minor events will be 
avoided entirely. Furthermore, we explore the possibility that a large proportion of the claims will 
become what are now considered as low-frequency, high-severity events. Therefore, this chapter 
addresses a gap in the literature set by providing insights in to the nature of MVCs as AVs become 
commonplace, from the perspective of primary insurers. The discussions we provide in this chapter 
are beneficial as they spark a discussion on the future of actuarial science, and detail the inevitable 
shift toward reinsurers as key stakeholders of the motor insurance industry. 
  
Page 33 
1.4 Thesis Summary 
Technological advancements such as telematics devices, advanced driver assistance systems (ADASs), 
semi-autonomous vehicles, and eventually, fully-autonomous vehicles will change the nature of risks 
being faced in the road environment. However, maintaining an optimised level of safety along this 
transitionary period is paramount, which necessitates the study of road-environment risk as it exists 
today. Placing an emphasis on understanding the inherent risks currently facing road users is not only 
important for those travelling along transport routes, but also for those held accountable when safety 
is not ensured. A number of stakeholders of the motor vehicle industry are indirectly exposed to MVC 
risk, and this thesis proposes a number of proactive solutions that are found using a multitude of 
existing MVC data. By doing so, the chapters within this thesis contribute to the field of MVC severity 
analysis by linking aspects of insurance loss-events, injury severities, and MVC dynamics. The 
examinations carried out herein provide additional insights on MVC dynamics to road safety 
practitioners and policymakers, while also exploring a number of issues faced by motor insurance 
providers. This thesis follows four key objectives, each of which are addressed systematically in at 
least one research study contained within the following chapters. Contributions to the literature of 
MVC analysis assessment were obtained by methodically addressing each objective. These objectives 
are: 
1. Explore the economic detriment of motor vehicle collisions, using injury severities as a basis 
for examination. 
2. Establish the extent to which collision factors can predict the probability of specific injuries 
being suffered and their severities.  
3. Establish the underlying dynamics between collision events and their subsequent impact on 
injury severity.  
4. Examine the impact that disruptive technologies will have on actuarial science. 
The overarching motivation for this thesis is an exploration of alternative methodologies that address 
key remaining issues within a well-studied area of academic literature. We posit that fresh 
examinations in to MVCs and the injuries they cause can benefit road safety practitioners, 
policymakers, vehicle engineers, and insurers alike. We address each of the four aforementioned 
objectives throughout this thesis using a suite of statistical techniques. These techniques, and the 
qualitative assessments that are based upon their results, lead to research studies that: 
i. introduce a new proxy for injury severity analysis using a measure of ‘Expected Compensation 
Cost’ (ECC),  
ii. offer a new approach to the examination of collision effects (mediation analyses),  
Page 34 
iii. offer proactive solutions that combine MVC severity literature and insurance literature, and  
iv. examine the expected role of primary insurers within the motor vehicle industry in a data-
laden and safety-focused society. 
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2 Applying Crash Data to Injury Claims - An Investigation of  
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 An MLR is used to determine compensations costs for road traffic injuries. 
 6 variables were identified as significantly influencing expected compensation cost 
 The 6-variable linear model attained an adjusted-R2 fit of 20.6% (𝑝 > .001). 
 The linear model outperformed ordered and unordered models in terms of fit. 
 Model indicates potential for an on-board, economic-risk based trajectory system.  
* Clarification: 
Note that the original published version of this research study (Shannon et al. 2018) contained the term ‘accidents’, ‘road traffic 
accidents’, or ‘RTAs’, to refer to incidents in which occupants are injured while in their vehicles. These terms, or any similar variation 
of these terms, have been changed to ‘collisions’, ‘motor vehicle collisions’, or ‘MVCs’ within this chapter, and these terms will be 
used hereafter in this thesis. The changes follow from a philosophical debate that is prevalent within the research fields of motor 
vehicle injury analysis and traumatology. These reasons are outlined as follows: 
1. The term ‘road traffic accident’ infers that one of the characters in any given collision is at fault. Regardless of the 
accuracy of this statement, our research does not pursue this avenue of reasoning. Instead, our research is simply to 
present the facts of the events that occurred, and connect these events with the subsequent economic costs. As such, 
using ‘motor vehicle collision’ rather than ‘road traffic accident’ absolves the implication of blame and is a more unbiased 
and objective representation of the events that lead to injuries being incurred. 
2. In any case, further to the interpretation of ‘accident’ in bullet-point 1, ‘accident’ can also imply a lack of expectation or 
intention to the action(s) in question. While this remains true for collisions that are not premeditated, this definition 
becomes ambiguous in the case of dangerous driving. Collisions that are associated with reckless driving (for example 
driving while impaired by prohibited substances such as drugs or alcohol, or while speeding) can be argued as not entirely 
‘accidental’, as these actions carry a much higher risk of injuring others. Therefore, these event types preclude the 
appropriate use of the term ‘road traffic accident’. Since we include observations in this chapter where there is evidence 
of ‘drink driving’ and speeding, it would be more appropriate to refer to the overall sample as ‘motor vehicle collisions’ 
rather than ‘road traffic accidents’.  
3. A fallibility also exists within the term ‘collision’, which must be addressed. Events may be recorded in ‘collision data’ 
despite no ‘collision’ occurring. This subclass of events would include instances where an injury is suffered by the occupant 
without the vehicle striking an object or obstacle (i.e. neurological or cardiovascular injuries). Our data, however, contains 
no observations where these non-collision events occur and so ‘collision’ remains an appropriate term to use. 
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2.2 Abstract 
An extensive number of research studies have attempted to capture the factors that influence the 
severity of vehicle impacts. The high number of risks facing all traffic participants has led to a gradual 
increase in sophisticated data collection schemes linking crash characteristics to subsequent severity 
measures. This study serves as a departure from previous research by relating injuries suffered in 
motor vehicle collisions to expected trauma compensation pay outs and deriving a quantitative cost 
function. Data from the National Highway Traffic Safety Administration’s (NHTSA) Crash Injury 
Research (CIREN) database for the years 2005–2014 is combined with the Book of Quantum, an Irish 
governmental document that offers guidelines on the appropriate compensation to be awarded for 
injuries sustained in incidents. A multiple linear regression is carried out to identify the crash factors 
that significantly influence expected compensation costs and compared to ordered and multinomial 
logit models. The model offers encouraging results given the inherent variation expected in vehicular 
incidents and the subjectivity influencing compensation pay out judgments, attaining an adjusted-R2 
fit of 20.6% when uninfluential factors are removed. It is found that relative speed at time of impact 
and dark conditions increase the expected costs, while rear-end incidents, incident sustained in van-
based trucks and incidents sustained while turning result in lower expected compensations. The 
number of airbags available in the vehicle is also a significant factor. The scalar-outcome approach 
used in this research offers an alternative methodology to the discrete-outcome models that 
dominate traffic safety analyses. The results also raise queries on the future development of claims 
reserving (capital allocations earmarked for future expected claims payments) as advanced driver 
assistant systems (ADASs) seek to eradicate the most frequent types of crash factors upon which 







Keywords: MVCs; Linear Regression; ADAS; Expected Compensation Costs; Claims Reserving. 
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2.3 Introduction 
Motor vehicle collisions (MVCs) result in an estimated 1.25 million deaths worldwide each year, and 
are the leading cause of death among young adults aged 15-29 (World Health Organisation 2013). The 
economic cost of MVCs and their impact on human society in general have led to concerted efforts 
from governments and corporations alike to enhance traffic safety, largely by way of a continuous 
stream of safety campaigns and regulatory mandates governing the safety features of vehicles. Road 
collision data collected by the automotive industry and government agencies have allowed 
researchers the opportunity to pinpoint the specific characteristics and contextual features that 
determine the severity of an incident. Statistical analyses using this data have proved critical in 
understanding the risks facing road users, as large volumes of literature have been dedicated to 
determining both the likelihood of entering into an incident, and the expected severity of the ensuing 
impact. Although the statistical techniques that are used vary widely, traditional literature has 
generally focused on predicting the damage sustained in an impact by means of an ordinal or 
probabilistic scale. A recent emphasis on improving the quality of data collection has led to a surge of 
databases with a wealth of information that offer more precise insights into the factors involved in 
MVCs. This study makes use of such data by generating a risk measure that associates the specific 
crash characteristics with the expected compensatory costs from the sustained injuries, while also 
exploring possible practical applications of this risk measure. As a result, the methodology presented 
in this article serves as a departure from categorical injury severity factors by utilising a proxy variable 
in order to quantify the expected severity of an incident. 
The motivation for this research is prompted by recent developments in prospective ADAS 
technology, namely predictive systems, and offers further clarity on the influence of unmeasurable 
contextual factors in determining crash severity. Predictive systems operate by attaching multiple 
cameras and sensors to a vehicle. The systems then provide warnings of oncoming potential hazards 
to the driver, who in turn will take corrective actions. In some cases, these corrective actions may be 
taken autonomously, as is the case with an Automatic Emergency Braking (AEB) system. Forecasting 
accurate trajectories are essential for an effective predictive system, and the implementation of 
forecasting frameworks have attracted significant attention in traffic safety literature. For example, 
the ‘Intelligent Driver Model’ is a traffic flow simulation technique used by on-board systems to alert 
drivers to oncoming perils (An and Harris 1996). A recent extension to this framework, the 
‘Foresighted Driver Model’, has sought to improve its practical application by assuming that the user 
will attempt to balance risk-averseness with expedient driving. These on-board predictive models 
have made use of constant streams of continuous data to provide accurate results and have 
introduced cost functions. These cost functions attempt to capture the risks faced by the driver of the 
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vehicle which arise in form of potential abnormal events (Eggert et al. 2015, Klingelschmitt and Eggert 
2015, Damerow et al. 2016). This study introduces an alternative view of these cost functions by 
directly linking the risks faced by the vehicle with a compensation cost outcome, which could 
potentially be adapted to an on-board system as their development continues. 
Hindering the widespread introduction of on-board predictive systems are the prevalence of 
unobserved factors that cannot currently be controlled for, also referred to as unobserved 
heterogeneity. Examples of this phenomenon facing road users are roadway design and detrition, 
weather conditions and lighting – all of which have been found to affect the severity of injuries 
sustained in motor vehicle collisions (Eluru et al. 2008, Buddhavarapu et al. 2013). Given the 
unpredictable variations that play a role in each incident, efforts to accurately predict the expected 
injury severity outcome have been hampered by the vast number of contextual factors that affect 
driving behaviour, road characteristics and environmental conditions. These studies attempted to 
categorise the extent of the incident along a five or six-level injury severity scale, resulting in a slight 
loss of granularity. This study introduces a continuous scalar measure of quantifying the injuries 
sustained in the collision by way of a ‘compensation cost’ loss function, found by relating injuries 
suffered in a motor vehicle collision to the expected trauma compensation. As a result, by offering a 
quantitative insight in to the outcome of MVCs, ‘compensation cost’ loss functions can potentially 
capture the large variations in near-identical incidents.  
A potential solution for underlying heterogeneity can be found in the anticipated introduction of 
commercial ADAS-enabled and semi-autonomous vehicles, which is expected to be a significant step 
toward mitigating and controlling the risks brought about by human driving behaviour. It is surmised 
that a gradual shift towards full autonomy will substantially reduce the hazards introduced by human 
error (Kyriakidis et al. 2015). A recent designation stated that over 95% of vehicles manufactured for 
U.S. consumption are to have Autonomous Emergency Braking (AEB) available as standard by 2022, 
reducing the number of traffic incidents by an estimated 20% or 5 million crashes (US DOT/NHTSA 
2016). Meanwhile, the European Commission has encouraged a sustained adoption of emerging 
Advanced Driver Assistance Systems (ADAS) such as the aforementioned AEB, Collision Avoidance 
Systems, and adverse-environment Control Systems. These systems are designed to mitigate potential 
risks that occur throughout journeys and take immediate evasive action if a perilous situation arises. 
The impact that such evolutionary changes will have on the non-life insurance industry as vehicle 
safety comes increasingly to the fore is addressed in this study. Although current models function well 
in quantifying the risk faced by a given road user, the factors that contribute to an accurate derivation 
of risk pricing may wholly alter as ADAS function become increasingly prevalent. As such, models 
typically used in underwriting mathematics may need to adapt over time. As well as offering an 
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incisive view of the outcome of MVCs, the framework introduced as part of this research can adapt to 
shifting MVC statistics as regulatory changes are introduced.  
Mannering and Bhat (2014) perform a comprehensive literature review of the current problem space 
and detail the evolution of the methodological approaches used in collision research. They also pay 
close attention to the issues that underlie the estimation of collision prediction. Of greatest concern is 
unobserved heterogeneity, i.e. the lack of unmeasurable variables that significantly affect the 
frequency and severity of MVCs. Mannering et al. (2016) also target this issue and offer statistical 
solutions that seek to minimise the impact of unobserved heterogeneity. One commonly used 
approach is the introduction of random parameter models, which allow for variations in underlying 
sensitivities (Eluru et al. 2008, Kim et al. 2008, Ye and Lord 2011, Cerwick et al. 2014). Another 
emerging approach is the use of latent class, or finite mixture, models. These models are used to 
capture injury severity levels by identifying underlying subgroups that affect known variables of 
interest and subsequently incorporating the probabilities of their occurrence into the model. 
Examples of studies adopting this approach are Cerwick et al. (2014), Yasmin et al. (2014a), and 
Yasmin et al. (2014b). 
A further matter addressed by Mannering and Bhat (2014) is that of selective bias, which could allow 
erroneous conclusions to be drawn. For example, when analysing safety measures that are put in 
place solely at collision hotspots, the inferred results may underestimate the initiative’s impact on the 
wider domain. Furthermore, the opposite effect could occur – the risk compensation that drivers take 
under adverse conditions makes accurate estimations of risk difficult (Winston et al. 2006). Finally, as 
is the case with many traffic safety analyses featuring crash data, the under-reporting of less severe 
collisions is raised (Yamamoto et al. 2008, Ye and Lord 2011). Given that the injuries reported on in 
this paper concern MVCs in which a severe injury is sustained, this is a factor that also affects this 
research. 
In terms of empirical studies, Mannering and Bhat (2014) and Mannering et al. (2016) highlight the 
vast body of literature surrounding vehicle crash analysis, and detail a large number of 
methodological approaches used when modelling crash-related data. Beginning from univariate 
models finding associations between crash factors and specific injury severities, the complexity of 
statistical analyses quickly expanded in an attempt to capture the large variations that are inherent in 
MVCs. Shankar and Mannering (1996) and O'Donnell and Connor (1996), amongst others, developed 
discrete multivariate model approaches. Research typically focused on ordered probit models, as 
exemplified by Kockelman and Kweon (2002) and Eluru et al. (2013). O'Donnell and Connor (1996), 
Kim et al. (2008) and Lemp et al. (2011) acknowledge the inherent randomness of MVCs by 
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investigating links between attributes of road users and the levels of injury endured in incidents using 
heteroskedastic ordered logit and probit models. More generally, the research conducted by 
O'Donnell and Connor (1996) highlight through the use of ordered probit and logit models that, 
amongst other factors, speed, age of vehicle, and seatbelt use are significant indicators when 
predicting crash severity. They achieve reasonably high pseudo–𝑅2 values (36% and 35.6% 
respectively) in doing so.  
Abdel-Aty (2003) and Ye and Lord (2011) examine a number of models in order to identify worthwhile 
predictors of injury severity. While Ye and Lord (2011) make use of ordered probit, multinomial logit, 
and mixed logit models, Abdel-Aty (2003) uses ordered probit, multinomial logit and nested logit 
models to find significant relationships between injury severity and age, gender, seatbelt use, point of 
impact, vehicle type and speeding. These results were found by examining incidents that occurred in 
central Florida at certain periods between 1996–2000. The multinomial logit approach was found to 
produce the poorest goodness-of-fit measure (10.5%), while the nested logit model had the greatest 
result at 23.9%. However, given the difficulty estimating the optimal nesting structure, the research 
recommended the use of ordered probit models (which achieved a highest fit of 20%).  
Yamamoto et al. (2008) identify a useful solution to mitigate the information loss stemming from 
unknown variables using random parameter ordered and binary probit models. Meanwhile, Ye and 
Lord (2011) adopt the additional use of a mixed logit model in order to address the issue of 
underreported data, completed by measuring each model’s performance at different estimates of 
unreported incidents. Recent focus has also shifted to the use of generalised ordered response 
models in an attempt to account for the unmeasurable variables that greatly influence MVC severity. 
Eluru et al. (2008) and Cerwick et al. (2014) detail a generalised logit variant and latent class method 
respectively. This generalised alternative (also known as a proportional odds model) relaxes the 
restrictive assumption of the traditional ordered response model by including the impact of 
exogenous variables on injury severity levels, and have been show to offer at least as much flexibility 
as unordered response models (Mooradian et al. 2013, Yasmin et al. 2014b, Eluru and Yasmin 2015). 
This article differs by introducing a scalar response variable instead of an odds-favoured or 
probabilistic outcome. By introducing the flexibility of a fully continuous output, the extent of a motor 
vehicle collision can be explored in minute detail. Furthermore, the expected ‘cost’ of the crash itself 
offers a partial view of the economic impact of motor vehicle collisions. Software developers could 
also potentially adapt such a model to generate an on-board navigation system that operates by 
navigating the path of least economic risk. The shifting landscape of the non-life insurance industry 
also benefits from the precise results offered by a continuous-result model as ADAS technology 
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continually alters the most common risks faced by road users. This study offers a brief discussion on 
the advancement of ADAS and its relation to insurance prior to concluding. The remainder of the 
paper is contained within two sections. Section 2.4 outlines the CIREN database used as part of this 
research, and describes both the process used to collate the different sources of data and the 
procedure used to associate the expected medical costs with the injuries sustained in each incident. 
The formation of the methodological model of choice used in this paper (log-log linear model) is 
described in the Results section, alongside derivations of the ordered logit and multinomial logit 
model. This is followed by an examination of the results and a sample case study. This section will also 
offer a discussion on the significance of the results found, and their implications for the automotive 
industry as a whole, before the paper’s conclusion. 
2.4 Data Description and Extraction 
2.4.1 Data Source 
The data examined in this paper is derived from the National Highway Traffic Safety Administration’s 
(NHTSA) Crash Injury Research (CIREN) database for the years 2005–2014. The establishment of the 
CIREN program allowed for a combination of both medical and engineering research, with the goal of 
promoting traffic safety and reducing human and economic costs stemming from MVCs. The inclusion 
requirements for CIREN are quite strict and as a result, data is somewhat limited. Patients included in 
the sample must have sustained at least one serious or disabling injury based on the Abbreviated 
Injury Scale (AIS) system. In addition, the injuries must have been sustained in a vehicle no greater 
than 8 years old at the time of the incident, and the injured party must have been treated at a CIREN-
participating trauma centre in the United States. 
After combining the crash characteristics with the occupants involved, and collating all injuries 
sustained by each patient, the dataset totals 𝑁 = 1,274 incidents involving 1,439 injured parties. In 
order to ensure a corroboration between the damage sustained by the vehicle and its speed at time 
of impact, each case has an estimate determining the level of confidence in the reconstruction of the 
incident. This level of confidence is determined by technicians who examine both vehicle and scene 
data. Only accurate reconstructions are retained, to ensure optimal accuracy in the derived results, 
which reduces the final sample to 𝑁 = 425 cases. The compensation costs for the injuries sustained 
are gleaned from the Book of Quantum (Personal Injuries Assessment Board 2016). The Book of 
Quantum is an Irish governmental document that offers guidelines on the appropriate compensation 
to be awarded for incidents in which there is medically supported evidence of pain and suffering. The 
document offers a range of values that are expected based on the most severe injury sustained in the 
incident, categorised similar to the AIS system. The scale is then adjusted based on the number of 
secondary injuries and their associated severities. Acting under the assumption that the physiological 
Page 45 
differences in drivers in both the United States and Ireland are minimal, the severity of MVCs can be 
taken as constant between the two territories. As such, it is assumed that the Book of Quantum is an 
appropriate set of guidelines to measure the expected compensatory costs stemming from MVCs. 
Full details for combining the data into a single database are outlined as follows: 
1. Variables that may serve as predictive indicators of the severity of an incident are gathered. 
13 variables are chosen, comprising of Barrier Equivalent Speed (BES) (𝑋1), Age of Vehicle 
(𝑋2), Number of Airbags Available (𝑋3), Evidence of Alcohol Consumption (𝑋4), Collision 
Type Category (𝑋5), Weather Conditions (𝑋6), Vehicle Body Type (𝑋7), Lighting Conditions 
(𝑋8), Road Surface Conditions (𝑋9), Road Alignment (𝑋10), Movement Prior to Crash (𝑋11), 
Evidence of Speeding (𝑋12), and Evidence of Seatbelt Use (𝑋13). Most categorical variables 
contain multiple levels; for example, there are 11 varieties of crash type included within 𝑋4. In 
order to conform to the assumptions that define a regression analysis, each level of a multi-
category variable is included as a separate binary variable. Following these transformations, 
there are 38 𝑥𝑖 independent variables within the sample (Table 2).  
2. All injuries associated with each individual in the dataset are collated, using the individual’s 
CIREN ID as a unique identifier. A separate set of case numbers issued for each incident are 
available alongside the CIREN IDs, which allowed for the patient(s) to be connected to any 
given incident. As such, injuries can be associated with crash factors directly. 
3. The 7-digit AIS codes, which serve as descriptors of the specific injuries suffered by each 
patient, are separated to allow for an association with the expected compensation costs. 
Given the level of detail provided by the Book of Quantum, only 3-digit identifiers (AIS-code 
digits 1, 2 and 7) are included in the analysis. Digit 1 describes the body region affected 
(Head, Thorax, etc.), digit 2 specifies the anatomical structure that was damaged (Skin, Bone, 
etc.), and digit 7 reports the severity of the injury (1 = Minor, 2 = Moderate, 3 = Serious, 4 = 
Severe, 5 = Critical, 6 = Maximum). Special compensations are also taken – for example, AIS 
codes beginning with 14 (Head, Organ) and 16 (Head, Loss of Consciousness) are assumed to 
be brain traumas, while fractures in the abdominal region are assumed to be spinal fractures. 
4. Guideline compensation cost ranges are extracted from the Book of Quantum and combined 
with the 3-digit identifier found in step 3. The injury severity categories originally associated 
with AIS digit 7 are straightforward to match. Since the Book of Quantum does not offer 
guidelines for non-survivable and fatal injuries, AIS code ‘6’ injuries are referred to as critical 
injuries and recoded as AIS code ‘5’. Therefore, minor injuries are associated with AIS Code 1, 
Moderate injuries with AIS Code 2, Moderately Severe injuries with AIS Code 3, and Severe 
and Permanent Conditions are assigned AIS Codes 4/5. Injury costs are found by taking the 
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average of the ranges provided in the Book of Quantum. In cases where there are multiple 
ranges for similar injuries (for example, broken finger and broken thumb have different 
ranges of values to consider), the average of the averages is taken, and so on. Furthermore, 
consideration must be paid to individuals who suffered multiple injuries in an incident. It is 
stated within the Book of Quantum that when considering the case of multiple secondary 
injuries, “it is not appropriate to simply add up values for all the different injuries to determine 
the amount of compensation. Where additional injuries arise there is likely to be an 
adjustment within the value range” (Personal Injuries Assessment Board 2016). In order to 
ensure conformity to the ranges specified within the Book of Quantum, the final cost was 
derived by providing a multiplicative weight of 0.6 to the primary injury (to ensure it is on the 
low scale of its range), and a multiplicative weight of 0.25 was added for each secondary 
injury.  The distributions of the final costs of injury are provided in Figure 1. 
5. The costs derived in step 4 are associated with the crash factors, using the incident case 
numbers as a link variable. Additionally, for incidents in which there are multiple vehicles with 
serious injuries, each vehicle was treated as a separate case. 
6. Finally, in order to ensure optimal accuracy, only accurate recreations of the crash events are 
included in the analysis. Inaccurate results, as well as incidents where there are no 
reconstructions or rudimentary reconstructions, are removed. After applying this filter, a 
sample size of 𝑁 = 425 remained from the initial 𝑁 = 1,274. 
The unfiltered sample (𝑁 = 1,274) (Figure 1, bottom) discovered in step 4 consisted of a mixture of 
normal and lognormal distributions (Figure 1, top), and this general shape is retained in the filtered 
sample (Figure 2). When the distribution of the 𝑁 = 425 data points is broken down further (Figure 
2), there is a resemblance to a Poisson-influenced Gamma distribution. The median expected 
compensation in the filtered sample set is €92,000. The final distribution of the expected 













Figure 1 - Distributions of Primary and Secondary Injuries (scaled down by 0.6x and 0.25x multipliers respectively), as well as 
the combined distribution of the unfiltered dataset (𝑁 = 1,274). 
 
Figure 2 - Distribution of the filtered sample set (𝑁 = 425) describing the total expected compensation cost. 
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2.4.2 Summary Statistics 
Summary statistics for the variables in our study are presented in Table 1. As mentioned previously, 
the outcome variable is the log-transformed compensation estimate pertaining to a motor vehicle 
collision (MVC). This transformation satisfies the normality assumption required by an ordinary least 
squares (OLS) regression analysis by eliminating the heavy skew existing in the distribution of the 
estimates (Figure 2). The log-transformed expected compensation costs have a range between 10.09 
and 13.28, with a mean of 11.45 and standard deviation of 0.56. As with the expected compensation 
estimates, the relative crash velocity measure (Barrier Equivalent Speed) is skewed and thus linearly 
transformed to conform to the normality assumption required in our analysis. The log-transformed 
values range from 2.08 – 4.92, with mean 3.66 and standard deviation 0.43. These values represents a 
downward-slope corrected mean of 𝜇 = 𝑒3.66+
0.432
2 = 42.6𝑘𝑚/ℎ. Both current vehicle age and the 
number of airbags available within the vehicle are analysed in their raw units. Current vehicle age 
ranges from 6 – 22, with mean 13.76 and standard deviation 3.35, while available airbags range from 
0 – 8, with mean 3.46 and standard deviation 1.80. The remaining non-binary discrete variables are 
also analysed in their raw form.  
Over 11% of collisions had drivers under the influence of alcohol. A large portion of collisions in this 
sample involve single-vehicle collisions (29%) that are split into three categories – right roadside 
departure, left roadside departure and forward impact. Nevertheless, to gain an insight in to the 
dichotomous relationship between head-on collisions and other crash types, head-on collisions serve 
as the control (20%). Vehicles that turned across the path of another vehicle, or vice versa (25%) are 
well-represented, as are intersecting path collisions (13%). The remaining crash types represent a 
minority – rear-end collisions (3%), opposing direction collisions (2.5%), angled or sideswipe collisions 
(2.5%), collisions occurring while the vehicle is backing up (5%), are also subject to analysis.  
The majority of the collisions occurred in clear (51%) and dry conditions (78%) during daylight hours 
(61%) on straight roads (69%). These four variables represent controls for their respective binary 
classifications. As such, relatively few incidents occurred in adverse environmental conditions. Most 
incidents also occurred in automobiles (72%); however, a sizeable portion occurred in SUVs (16%) and 
Light Trucks or Vans (12%). There were few observations related to ‘movements prior to a crash’ 
outside of maintaining speed (53%) and turning prior to a crash (43%). These include Accelerating (6), 
Decelerating (1), Stopped (2), and Changing Lanes (1). They are included in the initial model for 
completeness, but are removed from the final model. A sizeable minority of crashes occurred while 








Observed Variables Category Coding Frequency Mean Std. Dev 
Expected Compensation Cost (Ln) Range of 10.09 – 13.28 – 11.45 0.56 
Barrier Equivalent Speed (Ln) Range of 2.08 – 4.92 – 3.66 0.43 
Current Age of Vehicle (y = 2017) Range of 6 – 22 – 13.76 3.35 
Number of Airbags Available Range of 0 – 8 – 3.46 1.80 
Evidence of alcohol 
consumption 
Drink Driver Yes 1, No 0 48 – – 
Crash Category 
Single Vehicle Right Roadside Departure Yes 1, No 0 63 – – 
Single Vehicle Left Roadside Departure Yes 1, No 0 54 – – 
Single Vehicle Forward Impact Yes 1, No 0 6 – – 
Rear End Yes 1, No 0 12 – – 
Opposite Direction Impact Yes 1, No 0 11 – – 
Head-On Yes 1, No 0 87 – – 
Angle/Sideswipe Yes 1, No 0 11 – – 
Turn Across Path Yes 1, No 0 55 – – 
Turn Into Path Yes 1, No 0 51 – – 
Intersecting Paths Yes 1, No 0 54 – – 
Backing Up Yes 1, No 0 21 – – 
Weather Condition 
Fog Smoke Yes 1, No 0 9 – – 
Rain Yes 1, No 0 35 – – 
Snow Yes 1, No 0 6 – – 
Clear Yes 1, No 0 217 – – 
Cloudy Yes 1, No 0 46 – – 
Vehicle Body Type 
Automobile  Yes 1, No 0 305 – – 
SUV Yes 1, No 0 69 – – 
Vans or Light Trucks Yes 1, No 0 51 – – 
Lighting Condition 
Daylight Yes 1, No 0 261 – – 
Dark Yes 1, No 0 164 – – 
Road Condition 
Dry Yes 1, No 0 333 – – 
Wet Yes 1, No 0 71 – – 
Snowy / Icy  Yes 1, No 0 19 – – 
Road Alignment 
Straight Yes 1, No 0 295 – – 
Curved Yes 1, No 0 130 – – 
Movement Prior to Crash 
Maintaining Speed Yes 1, No 0 227 – – 
Accelerating Yes 1, No 0 6 – – 
Decelerating Yes 1, No 0 1 – – 
Stopped Yes 1, No 0 2 – – 
Turning Yes 1, No 0 184 – – 
Changing Lanes Yes 1, No 0 1 – – 
Evidence of Speeding Speeding Yes 1, No 0 67 – – 
Evidence of Seatbelt Use Seatbelt Use Yes 1, No 0 320 – – 
Table 1 – Summary statistics of the collisions factors being used in the analysis. The frequency of these values are relative to 
the overall sample size of N=425. 
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2.4.3 Using Expected Compensation Costs as a Proxy for Incident Severity 
Severity measures describing crash impact factors directly, such as ‘Barrier Equivalent Speed’ (BES) 
and impact energy (measured in Joules) have previously served as proxies for impact severity, and are 
estimated using reconstruction studies (Jones and Champion 1989, Smith et al. 2005). BES, in the 
context of motor vehicle collisions (MVCs), is the impact velocity required between a vehicle and a 
fixed barrier to achieve the same magnitude of crush energy that was evident in the original incident. 
Given the relative changes in stiffness between objects in a traffic environment (structures, 
pedestrian, vehicle, etc.), these measures are subject to exiguous flaws but remain mainstays in 
impact-severity modelling.  
In contrast, throughout this examination, expected pay outs stemming from MVCs are used as a proxy 
for the severity of injuries sustained in an incident. The boxplot in Figure 3 highlights the strong 
positive link between expected compensation costs and the Maximum Abbreviated Injury Scale score 
(MAIS) sustained as part of a crash, which is often the injury severity scale of choice in traffic collision 
analyses. This linear relationship is in accordance with previous research (Finkelstein et al. 2006). As 
such, it is appropriate to infer injury severities based on compensation pay outs.  
 
Figure 3 – Boxplot generated by comparing the overall compensation cost expected from an incident with the highest injury 
score (MAIS) sustained in the incident. It is highly evident that expected compensation costs increase as the severity of the 




2.5.1 Model Formations 
As discussed previously, crash injury analyses utilise a variety of categorical-outcome models in an 
attempt to predict the severity of traffic incidents. These techniques range from logistic regressions to 
structured equation models. This study makes use of a linear regression with a mixture of log-linear 
and log-log transforms as an alternative to these categorical-outcome models. In order to examine 
the preliminary effectiveness of this model, it will thereafter be compared to ordinal logit and 
multinomial logit models, both of which feature heavily in crash injury analyses. While the linear 
regression model will use the expected compensation cost as its dependent variable, the logit 
regression models will use the MAIS variable as their outcome variable. Given the established 
relationship between expected cost and MAIS, the results of all models should be comparable. 
The objective of the linear regression model is to find an optimally weighted average of the predictor 
variables to predict the scalar-outcome variable. The log-transforms performed on the skewed 
variables have normalised the data and removed traces of heteroskedasticity, so an ordinary least 
squares (OLS) approach is an appropriate measure to minimise the error terms. This model takes the 
form  
ln(𝑌) = 𝛽0 + 𝛽1ln(𝑋𝑖1) + 𝛽2(𝑋𝑖2) … + 𝛽𝑘𝑋𝑖𝑘 + 𝜀𝑖 . 
𝛽0 is the default expected compensation when none of the variables describing the incident apply. 
Each subsequent 𝛽𝑘 is the weight applied to each of the variables 𝑋𝑖𝑘  that are relevant to each 
observation. An inspection of each independent variable highlighted that Barrier Equivalent Speed 
(𝑋1) cases follow a lognormal distribution and so must also be transformed logarithmically in order to 
conform to the assumptions of the model. 𝜀𝑖  is the error term for individual 𝑖, quantifying the 
difference between the predicted value and the actual outcome. In order to ensure that each variable 
added to the model holds significant explanatory power, the adjusted-𝑅2 measure is reported. The 
adjusted-𝑅2 measure is an adaptation of the coefficient of determination, and penalises the addition 
of excess variables.  
The standard ordinal logit model follows a similar outcome equation to the linear model, however in 
this case the observable ordinal injury severity levels 𝑦𝑖  are assumed to follow an unobservable 
continuous latent variable 𝑦𝑖
∗. Therefore, the outcome variable becomes 
𝑦𝑖
∗ = 𝛽0 + 𝛽1ln(𝑋𝑖1) + 𝛽2(𝑋𝑖2) … + 𝛽𝑘𝑋𝑖𝑘 + 𝜀𝑖 
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Assuming there are 𝑗 = 1,2, … , 𝐽 injury severity levels and 𝜏𝑗 are the thresholds associated with the 
severity levels, the latent variable 𝑦𝑖
∗ is related to the discrete 𝑦𝑖 by the threshold 𝜏𝑗 with a response 
in the form of 
𝑦𝑖 = 𝑗,   𝑖𝑓 𝜏𝑗−1 < 𝑦𝑖
∗ < 𝜏𝑗 ,   𝑓𝑜𝑟 𝑗 = 1,2, … , 𝐽, 
Where 𝜏𝑗 is ascendingly ordered and ∈ (−∞, ∞). Given these relationships across all response 
weights 𝛽𝑘, the probability expressions for observation 𝑖 and alternative 𝑗 for the ordinal logistic 
model takes the form  
𝜋𝑖(𝑗) = Pr(𝑦𝑖 = 𝑗|𝑋𝑖) = Φ(𝜏𝑗 − 𝜷𝑿𝒊) − Φ(𝜏𝑗−1 − 𝜷𝑿𝒊), 
Where 𝜋𝑖𝑗 indicates the injury level probability and Φ(∙) represents the standard logistic cumulative 
distribution function. 
The ordering condition is not necessary for the multinomial logistic model, which is otherwise similar 
to the ordered logistic model. Although information is lost when disregarding the inherent order of 
the injury severities, it nevertheless allows the most likely injury category to be chosen for a given 
observation. This takes the form  
𝜋𝑖(𝑗) = Pr(𝑦𝑗𝑖 ≥ 𝑦𝐽𝑖) ∀ 𝐽 ≠ 𝑗, 
Where 𝑦𝑗𝑖  signifies the injury level 𝑗 for observation 𝑖, and 𝑦𝐽𝑖  signifies all other injury level 
alternatives for observation 𝑖. This is expanded to 
𝜋𝑖(𝑗) = Pr( 𝜷𝒋𝑿𝒊 + 𝜀𝑖 ≥ 𝜷𝑱𝑿𝒊 + 𝜀𝑖) ∀ 𝐽 ≠ 𝑗, 
or 
𝜋𝑖(𝑗) = Pr( 𝜷𝒋𝑿𝒊 − 𝜷𝑱𝑿𝒊 ≥ 𝜀𝑖𝐽 − 𝜀𝑖𝑗) ∀ 𝐽 ≠ 𝑗, 





if the errors are assumed to follow a GEV process. The output of the linear regression model is 
provided in Table 3, while the full ordinal logit and multinomial logit model results are available in the 
appendix as Tables A1 and A2 respectively. 
2.5.2 Model Results 
Including all 38 variables within the linear regression analysis yields a penalised-fit of 0.186, or 18.6% 
(Table 3). Control variables are required for each multi-level category so that relative comparisons 
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may be made. These variables are omitted from direct analysis and are determined by their frequency 
– the highest number of cases within each category is chosen for omission. After removing non-
significant variables through a process of stepwise regression with a 𝑝 < 0.1 cut-off, 6 variables 
remained – the relative speed measure at the time of the incident (BES), the number of airbags 
available in the vehicle, evidence of turning at the time of impact, van-based light trucks, dark 
conditions, and rear-end incidents. These variables were deemed to have a significant influence on 
the expected compensation costs stemming from traffic incidents, and will be examined in the 
following subsection. Meanwhile, the overall fit of the model provided in Table 3 proves highly 
significant (𝑝 < 0.001) indicating that, collectively, the variables in the model are of practical 
significance. Both the ordinal logit (Table A1) and multinomial logit (Table A2) model also yield 
significant fits, yielding log-likelihood changes equivalent to 𝑝 = 0.011 and 𝑝 < 0.001 respectively. 
The variables initially highlighted as influential in these models vary slightly from the variables in the 
linear model. Both categorical models identified that relative speed at time of impact, the number of 
airbags available, and the current age of the vehicle are significant predictors of the highest injury 
level (MAIS). The ordinal model additionally signifies that curved roads, vans, and crashes sustained 
when turning into established traffic influence the injury severity level, while the nominal model 
signifies that speeding vehicles, SUVs and cloudy conditions influence the injury severity level. The full 
results are available in the Appendix. 
In order to compare the effectiveness of each model in this analysis, the Akaike Information Criterion 
(𝐴𝐼𝐶), Bayesian Information Criterion (𝐵𝐼𝐶), and Log-Likelihood estimates of the models are presented 
in Table 2. This comparison is valid between the two categorical models but is indicative only when 
comparing the linear model to the categorical models because of the different dependent variable. 
Although the nominal model has a higher Log-Likelihood estimate (–391.61) than the ordinal model (–
443.51), the ordinal model outperforms the multinomial model in terms of both AIC and BIC 
estimates (957.02 and 1098.84 vs. 981.22 and 1382.376). However, both categorical models are 
outperformed by the linear regression model, which registers a higher Log-Likelihood (-300.26) and 









 𝐷𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝐴𝐼𝐶 𝐵𝐼𝐶  𝐿𝑜𝑔 − 𝐿𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 
Multiple Linear Regression LnCost 668.53 806.30 –300.26 
Ordinal Logistic Regression MAIS 957.02 1098.84 –443.51 
Multinomial Logistic Regression MAIS 981.22 1382.376 –391.61 
Table 2 – Comparison of the models used in the analysis. The ordinal and multinomial models provide mixed results; 
however, the linear model outperforms both. Note: The comparison of the linear regression to the two logistic models must 
be cognisant of the different dependent variables. 
  
Model Summary:   𝑅2: 0.243, 𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 − 𝑅2: 0.182,  𝑆𝑡𝑑. 𝐸𝑟𝑟𝑜𝑟: 0.511    
Significance of Fit:                                    𝐹: 3.94, 𝑆𝑖𝑔. : < 0.001  





B Std. Error VIF 
Constant (𝑌) LnCost 9.529 .346 <.001  
Barrier Equivalent Speed (Ln) (𝑋1) LnBES (𝑥1)*** .533 .070 <.001 1.521 
Age of Vehicle (𝑋2) CurrentVehicleAge (𝑥2) .007 .010 .408 1.690 
Number of Airbags Available (𝑋3) AirbagsAvailable (𝑥3)* -.033 .018 .093 1.748 
Evidence of alcohol consumption (𝑋4) DrinkDriver (𝑥4) -.025 .092 .799 1.387 
Crash Category (𝑋5) 
RightRoadsideDeparture (𝑥5) -.024 .087 .973 1.652 
LeftRoadsideDeparture (𝑥6) .057 .091 .398 1.609 
SingleDriverForwardImpact (𝑥7) .063 .227 .699 1.181 
RearEnd (𝑥8) -.259 .169 .182 1.322 
OppositeDirectionImpact (𝑥9) .026 .177 .761 1.318 
Head-On (𝑥10) (Control Variable) 
Angle/Sideswipe (𝑥11) -.089 .167 .597 1.150 
TurnAcrossPath (𝑥12) -.083 .103 .420 1.946 
TurnIntoPath (𝑥13) .008 .113 .944 2.209 
IntersectingPaths (𝑥14) .023 .099 .819 1.778 
BackingUp (𝑥15) .147 .130 .261 1.302 
Weather Condition (𝑋6) 
FogSmoke (𝑥16) .341 .334 .307 3.760 
Rain (𝑥17) -.093 .123 .454 1.876 
Snow (𝑥18) -.302 .410 .461 3.809 
Clear (𝑥19) (Control Variable) 
Cloudy (𝑥20) .108 .087 .211 1.180 
Vehicle Body Type (𝑋7) 
AutomobileBodyType (𝑥21) (Control Variable) 
SUVBodyType (𝑥22) .004 .072 .955 1.155 
VansLightTrucksBodyType (𝑥23) -.127 .082 .121 1.145 
Lighting Condition (𝑋8) 
Daylight (𝑥24) (Control Variable) 
DarkLighting (𝑥25)* .110 .057 .055 1.268 
Road Condition (𝑋9) 
DryRoad (𝑥26) (Control Variable) 
WetRoad (𝑥27) -.036 .092 .699 1.923 
SnowIceRoad (𝑥28) .119 .143 .406 1.425 
Road Alignment (𝑋10) 
StraightRoad (𝑥29) (Control Variable) 
CurvedRoad (𝑥30) -.027 .083 .742 2.357 
Movement Prior to Crash (𝑋11) 
MaintainingSpeed (𝑥31) (Control Variable) 
Accelerating (𝑥32) .294 .219 .179 1.083 
Decelerating (𝑥33) -.093 .539 .863 1.109 
Stopped (𝑥34) .007 .383 .986 1.122 
Turning (𝑥35) -.070 .077 .368 2.394 
ChangingLanes (𝑥36) -.311 .540 .566 1.117 
Evidence of Speeding (𝑋12) Speeding (𝑥37) .020 .076 .792 1.261 
Evidence of Seatbelt Use (𝑋13) SeatbeltUse (𝑥38) .013 .060 .830 1.100 
Table 3 – Results of initial model when the full 38 variables are included. 
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2.5.3 Significant Linear Regression Variables 
Given that the efficacy of the linear model has now been established, the significant variables 
identified through stepwise regression are isolated and added to a reduced model (Table 4). The 
adjusted-𝑅2 measure of this reformed model is 20.6%, an encouraging result given the limited sample 
size, the underlying factors in MVCs that are difficult to capture through raw data, and the subjectivity 
that underpins compensation payments. The variables referenced in Table 4 have previously been 
identified as having meaningful explanatory power in traffic safety analyses. In a study measuring 
Barrier Equivalent Speed, acting as a proxy for the impact energy sustained in a crash, Mackay (1968) 
found conclusive evidence of a strong positive correlation with the severity of injuries. The availability 
of airbags in a vehicle has been shown to reduce the severity of injuries to a certain point (Savolainen 
et al. 2011). An increasing number of airbags available in the vehicle may also be indicative of a more 
risk-averse driver or a vehicle with a higher safety rating, further mitigating the risk of sustaining a 
serious injury or worse. The complexity involved in accounting for these endogenous effects are 
beyond the scope of this analysis. Eis et al. (2005a), Kockelman and Kweon (2002), and Duncan et al. 
(1998) supplied evidence of less severe injuries stemming from rear-end collisions, collisions involving 
light trucks, and incidents occurring in dark conditions respectively. There have been few studies 
examining the relationship between the number and severity of injuries sustained in incidents where 
the striking vehicle was turning prior to impact. Overall, the optimal prediction for a compensation 
pay out using this model is stated as: 
ln(𝐶𝑜𝑠𝑡) = 9.608 + 0.546 ln(𝐵𝐸𝑆) − .035(𝐴𝑖𝑟𝑏𝑎𝑔𝑠𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒) − .117(𝑇𝑢𝑟𝑛𝑖𝑛𝑔)
− .142(𝑉𝑎𝑛𝑠𝐿𝑖𝑔ℎ𝑡𝑇𝑟𝑢𝑐𝑘𝑠𝐵𝑜𝑑𝑦𝑇𝑦𝑝𝑒) + 0.93(𝐷𝑎𝑟𝑘𝐿𝑖𝑔ℎ𝑡𝑖𝑛𝑔) − .265(𝑅𝑒𝑎𝑟𝐸𝑛𝑑) 
The results show that €16,890.46 is the base-level expected pay out stemming from an collision, i.e. 
the constant when all of the factors in the equation are set to zero. This value is derived after 
correcting for the downward bias associated with log-log linear models by including the standard 
error of the model 𝜎 in the estimate, i.e.  𝑒𝛽0  becomes 𝑒𝛽0+
𝜎2
2  or 𝑒9.608+
0.5032
2 . 
The cost variable shares a highly significant elastic relationship with the speed-measure used in this 
analysis – for every percentage increase in the BES, compensatory costs are expected to rise by 
0.546%. A strong, positive relationship between these variables is unsurprising given the long-
standing evidence that high speeds result in destructive incidents. There is also substantial evidence 
of a link between the cost function and the number of airbags available in the vehicle. For every unit 
increase in the number of airbags available in the vehicle, the expected compensation decreases by 
3.5%. The previously discussed notion of unobserved heterogeneity must be considered when 
interpreting this result however, as driving propensity and the safety rating of the vehicle are not 
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accounted for when conducting this analysis. This analysis also uncovered evidence of a negative 
correlation between expected compensation costs and the trajectory of the vehicle – it is found that a 
vehicle that enters into an incident whilst turning have an almost 12% lower compensation cost 
relative to collisions in which a straight trajectory is maintained. 
This analysis also finds that van-based light trucks have a 14% lower expected compensation pay out 
than all other vehicles, while collisions occurring under darkness increase the expected injury 
compensation by 9.3%. Finally, this model finds that a vehicle involved in a rear-end collision has a 
decreased expected compensation pay out of over 26.5% relative to all other collisions. A possible 
reason for this phenomenon is the fact that rear-end collisions make up the majority of vehicular 
incidents, and protective safety measures provided by car manufacturers significantly reduce the 
severity of rear-end collisions relative to side- and front-impacts. 
2.5.4 Case Study 
In order to demonstrate the effectiveness of the model in predicting the cost associated with a severe 
incident, a sample case study was chosen and visualised in Figure 4. This two-vehicle incident involved 
a 25-year-old female travelling in a 7-year-old 4-door sedan. The point of contact was at 0° indicating 
a straightforward collision from the rear; however, the collision occurred while completing a turn 
around a curve with an equivalent speed of 50km/h. There were 2 airbags available in the vehicle and 
both were deployed. The woman sustained a closed femoral shaft fracture, an open tibia fracture, 
and an open fibula fracture, all to the right leg. Shoulder and knee bruising were also noted. As 
detailed in §2.4, the Book of Quantum recommends that the compensation range be based on the 
most severe injury. The most severe injury sustained in this incident was the femur fracture with AIS 
level 3, therefore categorized as a moderately severe injury. The range specified for a moderately 
severe femur fracture with multiple other ruptures is €60,600 – €97,700. Using the methodology put 
forth in §2.4, the cost of injuries is calculated to be €65,179.88, while the cost predicted by the 
optimal model following downward bias correction is €78,325.35. Both of these costs are in 
  
Model Summary:  𝑅2: 0.217, 𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 − 𝑅2: 0.206,  𝑆𝑡𝑑. 𝐸𝑟𝑟𝑜𝑟: 0.503   
Significance of Fit:                                𝐹: 19.364, 𝑆𝑖𝑔. : < 0.001  





B Std. Error VIF 
Constant (𝑌) LnCost 9.61 .216 <.001   
Barrier Equivalent Speed (Ln) (𝑋1) LnBES (𝑥1)*** .546 .057 <.001 1.009 
Number of Airbags Available (𝑋3) AirbagsAvailable (𝑥3)** -.035 .014 .012 1.041 
Movement Prior to Crash (𝑋11) Turning (𝑥35)** -.117 .050 .018 1.011 
Vehicle Body Type (𝑋7) VansLightTrucksBodyType (𝑥23)* -.142 .077 .064 1.039 
Lighting Condition (𝑋8) DarkLighting (𝑥25)* .093 .051 .068 1.031 
Crash Category (𝑋5) RearEnd (𝑥8)* -.265 .149 .075 1.020 
Table 4 – The significant variables involved in the fit of the final linear model. 
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accordance with the range of expected pay outs dictated by the Book of Quantum, and offers 










2.5.5 Implications of Results 
There has been a large surge in traffic safety innovation in recent years with the target of reducing or 
eliminating collision factors that occur most frequently and are easily avoidable. These innovations 
will largely affect the variables found to be significant in this research study. For example, particular 
emphasis has been placed on safety initiatives promoting the purchase of vehicles with higher safety 
ratings, while reducing speed while driving. The results found as part of this study highlight that an 
increase in speed dramatically escalates the severity of an incident in terms of expected cost, while 
there is also a negative relationship found between the availability of airbags and the ensuing cost of 
injuries. 
As part of these safety initiatives, the vast majority of leading automobile manufacturers have signed 
a commitment with the U.S. Department of Transportation to ensure that over 95% of vehicles 
intended for sale in the United States will have Automatic Emergency Braking (AEB) as standard by 
2022. Legislations have also been introduced in the European Union to ensure that all heavy-duty 
vehicles have AEB and Lane Departure Warning (LDW) systems from 2015, while all vehicles sold 
within the EU have Electronic Stability Control (ESC) from 2014. Furthermore, there are an increasing 
number of requirements in order to attain a five-star vehicle safety rating within the EU, which in turn 
will encourage further automotive manufacturers to introduce Advanced Driver Assistance Systems to 
their vehicles. Of the six variables identified as significant in Table 4, four will undergo significant 
transformations in the near- to mid-term horizon, including speed, rear-end collisions, traction 
50𝑘𝑚/ℎ 
Figure 4 – Demonstration of sample case incident; a rear-end collision that occurred at 50km/h while navigating a 
bend. The 4-door sedan was 7 years old at the time of the incident, and the driver sustained multiple leg fractures 
of moderate severity (Case ID: 385003752, CIREN ID: 857085889).    
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control (leading to decreased risks faced while turning), and hazards faced in adverse environmental 
conditions. 
A low-speed field study conducted by Cicchino (2016) found appreciable decreases in rear-end crash 
rates in vehicles which were Forward Collision Warning- (FCW) and AEB-enabled, accomplished by 
attenuating the speed of the vehicle prior to impact or stopping completely. Results indicated that 
there were also significant reductions in the number of strike rates with injuries. It remains to be seen 
if these results can be replicated when the striking vehicle is travelling at a high speed.  
ESC systems, meanwhile, are designed to prevent the loss of traction and are projected to prevent 
3,000 fatalities and 50,000 injuries per year within the EU, limiting the inherent danger of driving in 
adverse environments and supplying extra control when navigating turns. This conclusion also applies 
for the ‘turning’ variable, as vehicles containing ESC systems have already been proven as a relevant 
factor in reducing the severity of injuries sustained in incidents while turning (Ferguson 2007).  
A combination of FCW, AEB and ESC technologies (Figure 5), as well as many other advanced safety 
systems not referenced in this study, will result in a notable drop in MVCs. Furthermore, it is expected 
that a gradual progression toward semi-autonomous and autonomous driving will largely reduce the 
frequency of vehicle collision rates by removing the element of human error, and force a departure 
from existing actuarial models (Sheehan et al. 2017). These factors will have profound effects on the 
automotive industry as a whole. As well as their influence on the nature and severity of injuries 
incurred, adaptions must be made by insurance underwriters to account for the risks that will be 
mitigated. Claims reserving is a classic issue prevalent throughout insurance mathematics, and one 
such adaption that insurance underwriters must consider is an overhaul of the ‘driver risk’ profile 
system that is currently used to estimate the cost of their risk. A distributional model currently 
commonly accepted as accurately representing expected compensation pay outs is the Tweedie 
Compound Poisson model (Smyth and Jørgensen 2002). This model is underlined by a Gamma 
distribution that typically has a single peak followed by a smooth decline. However, when 
compounded with Poisson-derived event rates, random peaks are scattered throughout the 
distribution. The Tweedie Compound Poisson model shares similar attributes to the distribution found 
in Figure 2. A shift in the frequency of low-speed impacts may require insurance mathematics models 
such as the Tweedie Compound Poisson model to be re-configured. 
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Figure 5 – Advanced Driver Assistance System (ADAS) technologies will largely mitigate the most common and easily 
avoidable incidents - such as the incident sustained in the case study. 
2.6 Summary & Conclusion 
The most commonly studied method of severity parameterisation in traffic safety analyses is the 
collection of medical records describing the most severe injury sustained as part of an incident. This 
study serves as a departure from previous research by relating injuries suffered in a motor vehicle 
collision to expected trauma compensation pay outs and deriving a quantitative cost function. Six 
variables in particular are highlighted as being significantly influential in determining the expected 
compensation awarded and, by proxy, the level of injuries sustained. The vehicle’s relative speed at 
the time of impact and dark conditions both increase the expected costs. A decrease in expected 
compensation stems from incidents involving a light truck, the number of airbags available in the 
vehicle, incidents sustained while turning, and rear-end incidents. As an increasing number of vehicles 
become available equipped with intelligent Adaptive Driver Assistant functions, all risks faced by the 
vehicle when navigating the route of maximum utility must be accounted for, including an estimation 
of the severity of any given incident that may arise. From an econometric perspective, the model 
proposed in this study offers an avenue into quantifying the expected compensation cost stemming 
from an incident given a set number of factors. The results that were extracted are encouraging and 
offer evidence that this system may be a useful tool in plotting a path of least economic risk. 
However, given that only 13 variables were subject to examination, and 6 proved significant, further 
research is required to expand this model to scenarios that exhibit more sources of variation that 
could be proven as significant measures of MVC risk. 
Automatic Emergency Braking (AEB) 
and Forward Collision Warning (FCW), 
when used in tandem, are estimated to 
reduce bodily injury liability claims by 
14-35% (Cicchino 2016).  
Ferguson (2007) found major 
reductions in serious 
incidents in vehicles that had 
Electronic Stability Control 
(ESC) technology enabled. 
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Furthermore, the large surge in traffic safety initiatives are expected to markedly reduce the 
frequency and severity of MVCs, with greatest emphasis placed on mitigating the impact of vehicle 
speed. These innovations will largely affect the variables found to be significant in this research study 
and may have profound effects on the automotive insurance industry as a whole. The introduction of 
ADAS technologies such as FCW, AEB and ESC systems may force a departure from existing capital 
allocation models as many of the leading causes of driving incidents are mitigated, and may cause 
insurance underwriters to reconsider the ‘driver risk’ profile system that is currently used to estimate 
the cost of their risk. 
However, the largest challenge facing the estimation of risk severity facing road users remains 
unobserved heterogeneity – the unmeasurable unobserved factors that prove to be difficult to 
control for as part of a statistical analysis. Given the unpredictable variations that play a role in each 
incident, it is exceedingly difficult to accurately predict and account for the expected injury and risk 
severity outcome. The categorisations of injuries introduces information loss when parameterising 
severity as discrete outcomes do not provide all minute details. The alternative research methodology 
proposed in this study offers an avenue to ratify the slight loss of granularity that is incurred when 
limiting injuries to five (KABCO) or six (AIS) categories. Although the linear model performed well 
against the ordinal logit and multinomial logit models, an extensive number of complex discrete-
outcome models may produce similar results to those found in this study. Further research is required 
in this area. In any case, the methods introduced in this research, combined with the increasing 
prevalence of ADAS functions such as collision warning and stability control systems, can be expanded 
upon to capture further measures of variation. This in turn could potentially limit the influence of the 
high number of contextual factors that affect driving behaviour, road characteristics and 
environmental conditions.   
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Table A1 – Results of ordinal logit regression model when all 38 variables are included. 
  
Model Summary (Pseudo-𝑹𝟐):   𝐶𝑜𝑥 − 𝑆𝑛𝑒𝑙𝑙: 0.117, 𝑁𝑎𝑔𝑒𝑙𝑘𝑒𝑟𝑘𝑒: 0.132, 𝑀𝑐𝐹𝑎𝑑𝑑𝑒𝑛: 0.056 
Significance of Fit (-2LL):               𝐹𝑖𝑛𝑎𝑙 (𝐼𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 𝑂𝑛𝑙𝑦): 887.02 (940.01), 𝑆𝑖𝑔. : 0.011 
Goodness of Fit (Final):                                 𝐴𝐼𝐶: 957.02, 𝐵𝐼𝐶: 1098.84 











Thresholds (Reference: Critical Injury) 
Moderate Injury .038 .486 0.000 380.713 
Serious Injury .893 .981 0.000 9046.206 
Severe Injury 5.073 .730 0.001 51349.733 
Barrier Equivalent Speed (Log-Transform) (𝑋1) LnBES (𝑥1)** 2.017 .012 1.170 3.476 
Age of Vehicle (𝑋2) CurrentVehicleAge (𝑥2)** 1.079 .041 1.003 1.160 
Number of Airbags Available (𝑋3) AirbagsAvailable (𝑥3)** .860 .034 .748 .988 
Evidence of alcohol consumption (𝑋4) DrinkDriver (𝑥4) 1.140 .710 .571 2.277 
Crash Category (𝑋5) 
RightRoadsideDeparture (𝑥5) .768 .448 .389 1.518 
LeftRoadsideDeparture (𝑥6) .564 .116 0.277 1.151 
SingleDriverForwardImpact (𝑥7) .617 .581 0.111 3.431 
RearEnd (𝑥8) 1.676 .447 .443 6.333 
OppositeDirectionImpact (𝑥9) .449 .232 0.121 1.668 
Head-On (𝑥10) (Control Variable) 
Angle/Sideswipe (𝑥11) 1.568 .499 .425 5.779 
TurnAcrossPath (𝑥12) 1.292 .526 .586 2.849 
TurnIntoPath (𝑥13)* .429 .053 0.182 1.011 
IntersectingPaths (𝑥14) .607 .194 0.286 1.289 
BackingUp (𝑥15) 1.242 .672 .456 3.379 
Weather Condition (𝑋6) 
FogSmoke (𝑥16) 1.012 .993 0.080 12.805 
Rain (𝑥17) .676 .417 0.263 1.740 
Snow (𝑥18) 1.026 .987 0.045 23.612 
Clear (𝑥19) (Control Variable) 
Cloudy (𝑥20)* .565 .086 0.295 1.084 
Vehicle Body Type (𝑋7) 
AutomobileBodyType (𝑥21) (Control Variable) 
SUVBodyType (𝑥22) 1.570 .111 .902 2.731 
VansLightTrucksBodyType (𝑥23)* 1.750 .080 .935 3.275 
Lighting Condition (𝑋8) 
Daylight (𝑥24) (Control Variable) 
DarkLighting (𝑥25) .961 .856 .622 1.483 
Road Condition (𝑋9) 
DryRoad (𝑥26) (Control Variable) 
WetRoad (𝑥27) 1.794 .106 .883 3.646 
SnowIceRoad (𝑥28) .732 .562 0.255 2.103 
Road Alignment (𝑋10) 
StraightRoad (𝑥29) (Control Variable) 
CurvedRoad (𝑥30)* 1.700 .099 .905 3.193 
Movement Prior to Crash (𝑋11) 
MaintainingSpeed (𝑥31) (Control Variable) 
Accelerating (𝑥32) .746 .728 0.144 3.882 
Decelerating (𝑥33) .147 .329 0.003 6.897 
Stopped (𝑥34) 1.674 .724 0.096 29.171 
Turning (𝑥35) .617 .109 0.342 1.113 
ChangingLanes (𝑥36) 3.147 .597 0.045 219.536 
Evidence of Speeding (𝑋12) Speeding (𝑥37) 1.159 .526 .734 1.831 
Evidence of Seatbelt Use (𝑋13) SeatbeltUse (𝑥38) .943 .840 .534 1.667 
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Model Summary (Pseudo-𝑹𝟐):   𝐶𝑜𝑥 − 𝑆𝑛𝑒𝑙𝑙: 0.309, 𝑁𝑎𝑔𝑒𝑙𝑘𝑒𝑟𝑘𝑒: 0.346, 𝑀𝑐𝐹𝑎𝑑𝑑𝑒𝑛: 0.167 
Significance of Fit (-2LL):               𝐹𝑖𝑛𝑎𝑙 (𝐼𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 𝑂𝑛𝑙𝑦): 783.22 (940.01), 𝑆𝑖𝑔. : < 0.001 











Thresholds (Reference: Critical Injury 5) 
Moderate Injury 
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Vehicle Body Type (𝑋7) 































4 1.613 .510 .388 6.702 
Lighting Condition (𝑋8) 
















Road Condition (𝑋9) 
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3 Exploring the Price of Motor Vehicle Collisions –  
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 Predicting Expected Compensation Cost (ECC) estimates using collision and occupant data 
 ECC estimates consider all injuries suffered rather than solely considering ‘most severe injury’ 
 Delta-V1 plays a primary role in increasing compensation, and influences other factors. 
 Certain crash factors influence ECCs regardless of influence of delta-V. 




                                                          
1 Barrier Equivalent Speed (BES) was used as the crash velocity metric of choice in Chapter 2 however, for the 
remainder of the chapters in this thesis delta-V will be used instead. BES represents the speed at which an object 
needs to hit a barrier to recreate the original crash energy from the collision. delta-V is commonly referred to as 
the maximum difference of the vehicle's velocity during a crash event, or the difference between the vehicle's 
speed before and after the event. 
 
Although both are extremely similar and equally valid measures, delta-V can be more easily retrieved from data 
event recorders installed in consumer-facing vehicles. Since delta-V can be more easily measured going forward, 





Motor Vehicle Collisions (MVCs) accounted for an economic cost of $242 billion in the United States 
in 2010. A significant portion (42%) was associated with factors considered for compensation 
estimates – medical costs, lost earnings and reduced household productivity. This study proposes a 
methodology that accounts for these costs by using expected compensation costs (ECCs). Our 
approach differs from prior studies as we consider all injuries suffered by an individual in the MVC, 
rather than only the ‘most severe’ injury. We estimate ECCs for each injured occupant by linking the 
injuries suffered with guidelines on injury compensations, allowing for ECCs to be linked directly with 
collision factors. To demonstrate the ECC system, we conduct a cross-sectional mediation (regression) 
analysis to study the relationships between collisions and compensation. delta-V (the change in a 
vehicle’s speed pre- and post-crash) remains a primary factor in the severity of MVCs and so it serves 
as a focal point in our study. We find that some collision factors influence compensation estimates 
because of the effects of delta-V, while others influence ECCs regardless of delta-V. The ECC system 
we introduce can mitigate litigation risk and highlight future approaches to road safety, as it bridges 
the gap between crash characteristics, injuries suffered, and economic damage. Our results support 
policy recommendations that promote seatbelt use and warn against alcohol-impaired driving, and 
support the proliferation of safety-enabled vehicles whose technology can mitigate the economic 














Blincoe et al. (2015) report that motor vehicle collisions (MVCs) accounted for an economic cost of 
$242 billion in the United States in 2010, or 1.6% of GDP. The study compiled by Blincoe et al. (2015) 
examines a comprehensive range of variables associated with the cost of an MVC, ranging from 
household productivity loss to the associated environmental impact. They find that factors that are 
typically considered in compensation estimates – medical costs, lost earnings and reduced household 
productivity – made up almost 42% of the $242 billion total economic cost due to MVCs. However, 
Blincoe et al. (2015) acknowledge that their economic cost estimates are conservative since they only 
consider the most severe single injury sustained in the incident. Our study, therefore, attempts to 
address this drawback by providing an alternative perspective on the partial economic costs 
associated with MVCs. We complete this by extending compensation estimates to consider the 
indemnities associated with all injuries suffered by an occupant, rather than only considering the 
most severe injury. Our approach allows for further granularity when estimating injury costs 
associated with motor vehicle collisions, while also allowing for further analyses detailing the crash 
factors that influence the economic costs associated with MVCs. 
The partial economic costs, or expected compensation costs (ECCs), estimated in our study are 
derived by linking injuries suffered in MVCs with standardised guidelines on the appropriate court-
awarded compensation to be provided for incidents in which there is medically supported evidence of 
pain and suffering. The guidelines for expected compensations are derived from the Book of Quantum 
(Personal Injuries Assessment Board 2016), which is commonly used in judicial hearings in Ireland to 
award personal injury claims relating to MVCs. The data in our analysis is derived from the National 
Automotive Sampling System Crashworthiness Data System (NASS-CDS) for the years 2010–2015. This 
data system details collision factors involved in a national sample of MVCs through on-site 
inspections, police records and reconstruction software, and combines them with the injuries that 
were sustained in the incident. A further combination with the Book of Quantum can allow for an 
examination of MVC collision factors and their economic and road safety implications.  
The initiation of an expected compensation cost (ECC) system can bridge the gap between crash 
characteristics and the severity of the stated clinical picture. Court-awarded compensations are 
generally based on readily-available injury data. Given the shift toward a data-driven society, 
technological advances in vehicles can allow collision factors to be recorded at the time of an incident 
and thereafter be combined with the injuries suffered in an incident. Providing an initial estimate for 
the compensation costs that are accrued in an MVC can prove beneficial in mitigating litigation risk in 
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the domain of legal proceedings (accounting for $11 billion in U.S. economic costs in 2010) and 
administration costs relating to motor insurance providers ($20.5 billion). Compensation costs also 
affect society in that they lead to higher insurance premiums and divert medical resources away from 
other medical needs, such as medical research, disease prevention and control, and basic public 
health needs. As such, implementing methods such as those described in our study can improve the 
efficacy of actuarial estimates, decrease uncertainty risk, and benefit both corporate entity and client. 
Following the initiation of the ECC system, we address an additional gap in the literature by 
investigating the contribution of individual crash factors toward total ECCs. This allows crash factors 
that significantly contribute to court-awarded compensation costs to be identified. In particular, we 
discern the extent of the role that delta-V plays on partial economic costs, as it relates to other crash 
factors. We carry out this examination on the basis that collision velocity is the most significant factor 
in determining the damage owing to a motor vehicle collision (MVC). $52 billion in economic costs 
(2010 USD) was attributed to crashes in which drivers were driving too fast for conditions, and 
speeding was associated with 20% of non-fatal and 32% of fatal crashes (Blincoe et al. 2015). The 
delta-V of an MVC, or the difference between a vehicle’s immediate pre-impact and post-impact 
velocity, is a significant determinant of the severity of an MVC and is a useful predictor of expected 
injuries (Richards and Cuerden 2010). Kockelman and Kweon (2002) and Carter et al. (2014) also find 
that an increasing delta-V raises the likelihood of sustaining serious injuries in all crash types 
examined, and small reductions in speed can affect injury and fatality risk (World Health Organization 
2018).  
As such, we use a mediation analysis to not only investigate the influence that a set of environmental, 
kinematic, and anthropometric crash factors have on ECCs, but also to investigate the mediating role 
that delta-V has on these crash factors, as well as its independent role in contributing to expected 
compensation. A mediation analysis allows for insights in to the variance that is captured by a 
specified mediator variable, and can be thought of as a series of regression models that partitions the 
effects of independent variables on dependent variables into three parts – direct effects, indirect 
effects, and total effects. The direct effect model is a linear regression describing the typical 
relationship between predictors and response variables, where the mediator (delta-V) is included as a 
factor. The indirect effect model is a linear regression describing the relationships between the 
predictor variables and the mediator variable, multiplied by the linear relationship between the 
mediator and the outcome variable. The total effects model is a summation of the direct and indirect 
effects, and measures the impact of the predictors on the outcome following the exclusion of the 
variable of interest – the mediator variable.  
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An examination of the direct, indirect and total effects allows for the influence of the mediator on 
other predictors to be identified, as well as revealing concealed relationships that may impinge on the 
nature of the predictor-outcome relationship. As well as determining the independent impact that 
delta-V has on expected court-awarded compensation costs, a mediation analysis clarifies the extent 
to which delta-V influences other crash factors and expected compensation costs. This allows for a 
closer examination of the role that delta-V plays in determining the partial economic costs 
attributable to MVCs. Significant effects between crash factors and ECC are uncovered because of our 
approach that would otherwise go unnoticed in analyses that focus on directly examining the 
relationship between crash factors and economic damages. These effects are examples of 
competitive partially-mediated relationships, wherein a variable’s positive association with increased 
compensation is coupled with a negative association with delta-V. This leads to a net insignificant 
total effect. The implication of this result is that if delta-V is not included as a factor, neither the 
positive association with compensation nor the negative association with delta-V would have 
presented as significant, allowing for potentially influential results to go unnoticed. 
The following sections address the methods used in this study to identify the mediating effect that 
delta-V has on MVC severity and court-awarded compensation estimates. Using these methods, a 
discussion ensues on the crash factors that are significant in influencing MVC severity and ECCs with 
and without the influence of speed. Section 3.4 introduces the data used as part of this mediation and 
regression analysis, as well as outlining the characteristics of the data and addressing potential data 
issues. Section 3.5 briefly outlines the statistical methods used to explore MVC severity before Section 
3.6 presents the results of the models. The results detail the factors that heavily influence 
compensation costs. Section 3.7 includes a case study demonstrating the effectiveness of the model 
derived in Section 3.6. We further compare our ECC estimates with previously established measures 
of economic costs, as well as discussing the implications of the standardised and unstandardised 
estimates provided by our ECC model in Section 3.6. We also discuss the potential application of the 
ECC system in a practical setting, as well as offering recommendations based on the findings of the 
models. The study concludes by highlighting the main findings of the study, as well as proposing 
future avenues of research. 
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3.4 Data Description and Derivation 
 
3.4.1 Inclusion Criteria 
The data examined in this paper is derived from the National Highway Traffic Safety Administration’s 
(NHTSA) National Automotive Sampling System Crashworthiness Data System (NASS-CDS) for the 
years 2010–2015, commissioned by the U.S. Department of Transportation. The establishment of 
NASS-CDS allows for a combination of medical and engineering research, with the goal of promoting 
traffic safety and reducing human and economic costs stemming from motor vehicle collisions 
(MVCs). NASS-CDS data includes police-reported MVCs in which at least one involved vehicle is towed 
away due to damage. A variety of factors influencing the outcome of the MVC is recorded, crash 
reconstructions are completed, and police records are examined. Thereafter, all injuries suffered by 
each occupant, including those suffering only minor injuries, are recorded using a 6-digit classifier 
along the Abbreviated Injury Scale (AIS).  
The six digits of the AIS classifies the injury suffered, the anatomical structure damaged and the area 
affected. A single digit adjoins the classifier, indicating the injury’s severity along a 6-level scale, 
ranging from ‘1’ (minor) to ‘6’ (currently untreatable). The final digit can also be used to identify the 
most severe injury suffered by an occupant. The ‘most severe injury’ indicator is otherwise known as 
the Maximum Abbreviated Injury Scale (MAIS) and is measured on an ordinal scale. According to 
Gennarelli and Wodzin (2006), an MAIS of 4 or over (severe injury or worse) poses at least a 15% 
chance of loss of life, which is a significant increase in mortality rate relative to an MAIS of 3 or below 
(1.5%). Although the database is extensive, for the purpose of this analysis, emphasis is placed on 
cases where all necessary information is available – cases with missing or incomplete information are 
removed prior to examination to ensure reasonable accuracy. Incidents with an MAIS of 6 are also 
removed from the analysis, as these injuries are largely associated with fatalities and are not covered 
under the compensation estimates provided in the Book of Quantum (detailed below). In addition, 
only cases that achieved accurate delta-V reconstructions are retained, resulting in final sample size 
of 𝑁 = 2520 cases. 
3.4.2 Expected Compensation Costs (ECCs) 
The expected compensation costs (ECCs) stemming from injuries sustained in an MVC are taken from 
the Book of Quantum (Personal Injuries Assessment Board 2016). The Book of Quantum offers 
standardised guidelines on the appropriate court-awarded compensation to be provided for incidents 
in Ireland in which there is medically supported evidence of pain and suffering. The availability of 
these standardised guidelines can mitigate the subjectivity and large variability that are often 
exhibited in court-awarded compensation judgements (Schoeters et al. 2017). The Book of Quantum 
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is commonly used in judicial hearings in Ireland to award non-fatal personal injury claims relating to 
MVCs, and as such, we use them as a set of guidelines to measure the ECCs. We act under the 
assumption that the physiological differences in drivers in both the United States and Ireland are 
minimal, so that the severity of MVCs can be taken as constant between the two territories and 
measured using the guidelines set out in the Book of Quantum.  
Assessments provided by the Book of Quantum cover compensation for “pain, suffering and loss of 
enjoyment of life”, loss of past and future earnings, and current and future medical bills. As such, the 
assessments align with the economic compensation approach of Blincoe et al. (2015). However, there 
is an additional consideration given that “loss of enjoyment of life” is also a factor in the award 
amount. Both primary and secondary injuries are considered, in contrast to previous approaches 
(Blincoe et al. 2015, U.S. Department of Transportation 2016). The Book of Quantum offers value 
ranges for injury compensations for the most severe injury sustained by an occupant in the incident, 
in categories similar to the AIS system. The scale is then adjusted based on the number of secondary 
injuries and their associated severities. To combine the injuries recorded in the NASS-CDS data with 
the guidelines provided by the Book of Quantum, the following steps are taken: 
1. Variables that may serve as predictive indicators of the severity of an incident are gathered. 
21 variables are chosen, comprising the delta-V of the collision, ‘Road Surface Conditions’, 
‘Lighting Conditions’, ‘Weather Conditions’, ‘Road Profile’, ‘Road Controls’, ‘Crash Type’, 
‘Current Age of Vehicle’, ‘Vehicle Weight’, ‘Vehicle Type’, ‘Pre-Crash Avoidance Manoeuvre’, 
‘Occupant Age, Weight, Gender, and Height’, ‘Drink Driver in Vehicle’, ‘Evidence of Seatbelt 
Use’, ‘Seat-track Position’, ‘Multiple Airbags Deployed in the Vehicle’, and ‘Occupant Position 
in Vehicle’. Most categorical variables contain multiple levels; for example, there are 7 
varieties of collision types included within Crash Type. Each level of a multi-category variable 
is included as a separate binary variable. This results in a total of 46 independent variables 
being subject to examination within the sample, of which 10 act as control variables. 
2. Collision factors for each vehicle in the incident are assigned a unique Case Number ID by 
collating a number of parameters. This involved concatenating the year in which the case was 
recorded, the sampling location (PSU), the stratification category describing the damage 
sustained in the MVC (STRATIF), the case number corresponding to each sampling location 
(CASENO), and the vehicle number for each case (VEHNO). Thereafter, occupants can be 
connected with any given incident by additionally concatenating the occupant number for 
each vehicle. The latter step provides each casualty with a unique Occupant Injury ID, 
allowing all injuries suffered by each individual to be associated with crash factors directly.  
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3. The 7-digit AIS codes, which serve as descriptors of the specific injuries suffered by each 
casualty, are separated to allow for an association with the expected compensation costs. 
Given the level of detail provided by the Book of Quantum, only 3-digit identifiers (AIS-code 
digits 1, 2 and 7) are included in the analysis. Digit 1 describes the body region affected 
(Head, Thorax, etc.), digit 2 specifies the anatomical structure that was damaged (Skin, Bone, 
etc.), and digit 7 reports the severity of the injury (1 = Minor, 2 = Moderate, 3 = Serious, 4 = 
Severe, 5 = Critical, 6 = Maximum). Special compensations are also taken – for example, AIS 
codes beginning with 14 (Head, Organ) and 16 (Head, Loss of Consciousness) are assumed to 
be brain traumas. 
4. Guideline compensation cost ranges are extracted from the Book of Quantum and combined 
with the 3-digit identifier found in step 3. The injury severity categories originally associated 
with AIS digit 7 are straightforward to match. Since the Book of Quantum does not offer 
guidelines for non-survivable and fatal injuries, occupants with AIS code ‘6’ injuries are 
removed from the analysis. Thereafter, minor injuries are associated with AIS Code 1, 
Moderate injuries with AIS Code 2, Moderately Severe injuries with AIS Code 3, and Severe 
and Permanent Conditions are assigned AIS Codes 4/5. Injury costs are found by taking the 
average of the ranges provided in the Book of Quantum. In cases where there are multiple 
ranges for similar injuries (for example, broken finger and broken thumb have different 
ranges of values to consider), the average of the averages is taken, and so on. Consideration 
is provided to individuals that suffered multiple injuries in an incident. It is stated within the 
Book of Quantum that when considering the case of multiple secondary injuries, “it is not 
appropriate to simply add up values for all the different injuries to determine the amount of 
compensation. Where additional injuries arise there is likely to be an adjustment within the 
value range” (Personal Injuries Assessment Board 2016). In order to ensure conformity to the 
ranges specified within the Book of Quantum, the final cost is derived by providing a 0.7𝑥 
multiplicative weight to the primary injury (to ensure it is on the lower scale of its range), and 
any following secondary injuries receive a 0.3𝑥 multiplicative weight. In other words, the 
primary injury is awarded 70% of the average of its guideline compensation range, while the 
remaining secondary injuries are awarded 30% of the average of their respective guideline 
compensation ranges. A sufficient combination of secondary injuries could outweigh the cost 
associated with the primary injury. 
5. The costs derived in step 4 are associated with the crash factors, by combining the Occupant 
Injury ID and the Case Number ID outlined in step 2. 
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The final distribution of the ECCs, as derived in step 4, is presented in Figure 1. The distribution 
follows a lognormal or gamma shape, as is commonly found in actuarial representations of MVC 
compensation claims (Eling 2012). Also provided in Figure 1 is the upper limit of compensation that 
should be expected for an occupant’s most severe injury, according to the Book of Quantum. The 
highest ECC estimate in our sample is €386,000, while the maximum upper limit provided by the Book 
of Quantum is €450,000 (spinal cord injury with MAIS 4+, with the possibility of quadriplegia). 6 
occupants in our sample suffered an MAIS 4+ spinal injury. The mean ECC estimate in our sample is 
€31,000, while the median ECC estimate in our sample is €20,500, on account of a large number of 
minor abrasion and contusion injuries (over 20% of occupants had a compensation estimate less than 
€10,000). Nevertheless, 86.3% of our cost estimates align with the ranges outlined by the Book of 
Quantum. The remaining 13.7% can partially be accounted for in Figure 1 by the overspill extending 
beyond €100,000. Beyond this mark, 27 occupants suffered injuries that have upper compensation 
limits above €100,000 according to the Book of Quantum. However, our ECC estimates contain 123 
such occupants, given the extent of their secondary injuries.  
 
Figure 1 – Distribution of compensation payments owed to casualties in a motor vehicle collision (MVC), as estimated using 
the methodology described in §3.4.2. The costs are found by relating injuries with expected compensation guidelines 
detailed in the Book of Quantum. Also presented is the recommended upper limit of compensation for each occupant in the 
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3.4.3 Addressing Data Issues 
3.4.3.1 Generality of Findings 
NASS-CDS contains details of around 3700 collisions each year from 2010 – 2015. However, given the 
wide variety of parameters for which information is recorded, the majority of cases are partially 
incomplete or contain details recorded as ‘unknown’. The restrictive filters put in place for this study 
(accurate delta-V reconstruction, all injuries recorded, no fatalities, complete crash and occupant 
details), means that the final number of observations (𝑁 = 2520) represents an average of 420 
observations from each year, or around 11.5% of each year’s qualifying MVCs. This impacts on the 
generality of our findings.  
NASS-CDS sampling has a sophisticated selection design that deliberately oversamples crashes with 
higher severities. The NASS-CDS database provides case weights that are used to account for sampling 
bias, but since the retention rate for incidents from each year hovers around 11.5%, correcting for the 
sampling method using the weightings provided yields unwieldy initial results. This difficulty has 
previously been highlighted for NASS-CDS related data (Sam et al. 2019). As a result, the observations 
that are subject to analysis in §3.6 are unweighted. The unwieldy initial results are evidence that the 
retained data is over-represented by higher severity MVCs. However, since over 86% of observations 
remained within the compensation limits set out in the Book of Quantum, and as further detailed with 
comparisons to prior compensation estimates in §3.7.4, the loss of generality is not too severe. 
3.4.3.2 Potential Bias amongst Occupants 
The focus of our analysis is on calculating the compensations costs associated with each injured party 
in an MVC. The data collection method indicates that all injured occupants are recorded after a 
police-investigated incident in which at least one vehicle is towed away. While most cases contain 
only one injured individual, regardless of the number of people that are originally involved in the 
incident, there are numerous cases where multiple casualties are recorded in a single incident. 45% of 
observations in our study, or 1134 of the 2520 occupants, are made up of multiple individuals that are 
injured in the same incident. Each individual in our sample set is recorded as an independent 
observation. The inclusion of these observations has the potential to bias the dataset and results.  
To examine the data for potential bias, the sample is split in to two subsamples. The first subsample 
contains observations in which the incident has only one injured occupant included in the sample, and 
the second subsample contains occupants where multiple observations are recorded for each 
incident. The distribution of each subsample is examined to determine if any significant differences 
exist between the subsamples. This includes graphical measures of the subsamples’ dispersions 
(Figure 2, Figure 3), as well as significant tests to measure differences in mean and variance. A 
correlation analysis using Pearson's product-moment correlation test is also carried out, where 
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subsample 1 observations are coded as 0, and subsample 2 observations are coded as 1. A statistically 
significant correlation coefficient would indicate an association toward one subsample of data over 
the other – potentially introducing bias to the study’s sample.  
Figure 2 demonstrates that the subsample of MVCs where multiple casualties are included in our 
dataset exhibits a wider variation of compensation costs relative to collisions in which only one 
casualty is recorded. The results in Table 1 confirms that the difference in dispersion is statistically 
significant. The reason for the mismatched dispersion is the presence of outliers in the ‘Multiple 
Injured Occupants’ subsample that extend past €300,000, whereas single-casualty recordings have a 
maximum compensation of €250,000. Nevertheless, the outliers are legitimate observations and so 
are retained in the analysis. Parity exists among the two samples in terms of central tendencies (non-
significant t-test) and there is no clear indication of bias (non-significant correlation).  
To ameliorate the dispersion issue, the outcome variable ‘Expected Compensation Cost’ is log-
transformed prior to analysis, and the two subsamples are again subject to bias testing. The resulting 
boxplot and significant tests are provided in Figure 3 and Table 2, respectively. Both Welch’s t-test for 
difference of means and Levene’s Test for Homogeneity of Variance return t- and F-values that fail to 
reject the null hypotheses of a lack of significant differences, while no apparent association for either 
subsample is present in the correlation analysis. 
Measure of Association  t-statistic  F-value  Correlation Coefficient  p-value 
Welch’s t-test  1.127  –  –  0.260 
Levene’s Test   –  9.424  –  <0.001 
Pearson Product-Moment Correlation  –  –  0.023  0.249 
Table 1 – Statistical tests to detect the presence of bias in the dataset. Although two examinations return non-significant 
results (Welch’s Test for difference of means, and Pearson’s Product-Moment Correlation Test of outcome-association), 
Levene’s Test for difference of variance is highly significant. The latter result indicates a large difference in dispersion 
amongst the two subsamples, mostly due to high-cost outliers. 
 
Figure 2 – Dispersion of expected compensation cost (ECC) estimates for each occupant, depending on the number of 
occupants with recorded injuries in the vehicle. A significant difference between boxplot dispersions at the upper end of 
ECCs indicates a biased dataset. 
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Measure of Association  t-statistic  F-value  Correlation Coefficient  p-value 
Welch’s t-test  -0.528  –  –  0.598 
Levene’s Test   –  2.759  –  0.097 
Pearson Product-Moment Correlation  –  –  -0.011  0.595 
Table 2 – Statistical significance tests to detect the presence of bias with a log-transformed outcome measure. All three 
examinations –  Welch’s Test (difference of means), Levene’s Test (difference of variance) and Pearson’s Product-Moment 
Correlation Test (association with outcome measure) – return non-significant or near-non-significant results. These results 
indicate that compensation estimations for incidents where a single casualty is recorded and incidents where multiple 
casualties are recorded share common distributions and are not subject to bias. 
  
 
Figure 3 – Dispersion of log-transformed expected compensation cost (ECC) estimates for each occupant, depending on the 
number of occupants with recorded injuries in the vehicle. A significant difference between boxplot dispersions would 
indicate a biased dataset, however there appears to be no statistically significant difference. 
3.4.4 Exploratory Data Analysis 
Summary statistics for the variables in our study are presented in Table 3. As mentioned previously, 
the outcome variable is the log-transformed expected compensation cost (ECC) pertaining to a motor 
vehicle collision (MVC). This transformation also satisfies the normality assumption required by a 
mediation analysis by eliminating the heavy skew existing in the distribution of the ECC estimates 
(Figure 1, Figure 2). The log-transformed ECCs have a range between 8.03 and 12.86, with a mean of 
9.95 and standard deviation of 0.88.  
The primary focus in our statistical analysis is on measuring the impact that delta-V has on other crash 
factors, based on the belief that delta-V plays a large role in determining the severity of an MVC. As 
with the ECC distribution, the delta-V values are skewed and are linearly transformed to conform to 
the normality assumption required in our mediation analysis. The log-transformed values range from 
1.39 – 4.57, with mean 3.19 and standard deviation 0.46. These values represents a downward-slope 
corrected mean of 𝜇 = 𝑒3.19+
0.462
2 = 27𝑘𝑚/ℎ. Both occupant age and vehicle weight are also linearly 
transformed to attain normality. Occupant ages range from 0 – 4.54, with mean 3.49 and standard 
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deviation 0.66, while vehicle weights range from 6.45 – 8.37, with mean 7.37 and standard deviation 
0.21. The remaining continuous and non-binary discrete variables are analysed in their raw form.  
The ‘current’ age of the vehicles (measured from 2019) range from 4 – 19. This parameter is included 
as a proxy variable to accounts for the increase in safety measures in vehicles since the 1990s (Griffin 
et al. 2018). The average weight and height of injured casualties in the sample are 75.6kg and 167cm, 
respectively. Almost 59% of the sample are females, indicating a bias toward female representation. A 
large majority wore their seatbelt (79.5%). Almost 5% of collisions had drivers under the influence of 
alcohol. A sizeable portion of crashes had multiple airbags deploy in the vehicle (13%). Backseat 
passengers, who make up over 10% of the sample, only have access to 2 airbags (curtain and torso), 
while front seat passengers (20%) and drivers (70%) have access to 4 (steering wheel/dashboard, 
knee, torso, and curtain). This may influence the number and severity of injuries, and hence the level 
of compensation, that backseat passengers are subjected to relative to front-seat passengers. 
Most of the incidents occurred in clear (75%) and dry conditions (81%) during daylight hours (68%). 
These three variables represent controls for their respective binary classifications. As such, relatively 
few incidents occurred in adverse environmental conditions. A relatively high number of incidents 
occurred in roads with a gradient steeper than 0.5% – uphill and downhill crashes make up almost 
29% of the sample. Over 47% of the incidents occurred near traffic signals or cautionary signs. Most 
incidents also occurred in automobiles (67%); however, a sizeable portion occurred in SUVs (20%) and 
Light Trucks or Vans (12%). A large portion of collisions in this sample involve vehicles that turned 
across the path of another vehicle, or vice versa (38%). However, to gain an insight in to the 
dichotomous relationship between rear-end collisions and other crash types, read-end collisions serve 
as the control (14.5%). The remaining crash types are well-represented – single vehicle collisions in 
which the vehicle diverted off-road or struck an object (14%), head-on collisions (9.5%), vehicles 
struck directly from the side (12%) and vehicles striking directly from the side (11%) are also subject 
to analysis.  
More occupants tend to have their seat set further back (49%) from the default centre position (29%) 
than those who set their set further forward (15%). Seats set to their centre position acts as the 
control in this analysis. A high number of collisions involve drivers that attempted to brake to avoid an 
incident (28%), while a smaller number attempted to accelerate or swerve to avoid (11%). No 
recorded manoeuvre (61%) acts as the control. 
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Observed Variable  Category Coding  Frequency  Mean  Std. Dev 
Outcome Variables 
Expected Compensation Cost (Ln)  Range of 8.03 – 12.86   –  9.95  0.88 
Mediator Variable 
delta-V (Ln)  Range of 1.39 – 4.57  –  3.19  0.46 
Environmental Factors 
Surface Conditions  Dry 1, No 0  2048  –  – 
  Wet 1, No 0  369  –  – 
  Snowy or Icy 1, No 0  103  –  – 
Lighting  Daylight 1, No 0  1710  –  – 
  Dark 1, No 0  810  –  – 
Weather  Clear 1, No 0  1899  –  – 
  Cloudy 1, No 0  319  –  – 
  Rain, Snow, Smoke or Fog 1, No 0  302  –  – 
Road Profile  Level Ground 1, No 0  1791  –  – 
  Uphill 1, No 0  350  –  – 
  Downhill 1, No 0  379  –  – 
Road Controls  No Control Signals 1, No 0  1327  –  – 
  Traffic Signal 1, No 0  962  –  – 
  Stop/Yield 1, No 0  196  –  – 
  Other Regulation Signs 1, No 0  35  –  – 
Crash Factors 
Crash Type  Single Vehicle Collision (Off-road/Object) 1, No 0  361  –  – 
  Rear-end Collision 1, No 0  366  –  – 
  Head-on Collision 1, No 0  241  –  – 
  Turning Across Path Collision 1, No 0  957  –  – 
  Intersecting Paths Striking Vehicle 1, No 0  287  –  – 
  Intersecting Paths Struck Vehicle 1, No 0  304     
  Backing Up 1, No 0  4  –  – 
Current Vehicle Age  Range of 4 – 19  –  12.56  3.36 
Vehicle Weight (Ln)  Range of 6.45 – 8.37  –   7.37  0.21 
Vehicle Type  Automobile 1, No 0  1696  –  – 
  SUV 1, No 0  516  –  – 
  Vans or Light Trucks 1, No 0  308  –  – 
Pre-Crash Avoidance Manoeuvre  No Manoeuvre to Avoid 1, No 0  1536  –  – 
  Brake to Avoid 1, No 0  708  –  – 
  Accelerate or Swerve to Avoid 1, No 0  276  –  – 
Occupant Characteristics 
Age (Ln)  Range of 0 – 4.54  –  3.49  0.66 
Weight  Range of 6 – 150 (kg)   –  75.63  23.30 
Gender  Female 1, Male 0  1478  –  – 
Height  Range of 45 – 201 (cm)  –  166.74  16.98 
In-Vehicle Dynamics 
Drink Driver in Vehicle  Yes 1, No 0  124  –  – 
Seatbelt Used  Yes 1, No 0  2003  –  – 
Seat Track  Front-most Track Position 1, No 0  98  –  – 
  Between Front and Middle 1, No 0  280  –  – 
  Middle or Non-Adjustable Seat Track 1, No 0  656  –  – 
  Between Middle and Rear 1, No 0  625  –  – 
  Rear-most Track Position 1, No 0  609  –  – 
Multiple Airbags Deployed in Vehicle  Yes 1, No 0  336  –  – 
Seat Position  Driver 1, No 0  1764  –  – 
  Passenger 1, No 0  495  –  – 
  Backseat 1, No 0  261  –  – 
Table 3 - Summary Statistics for variables included in the analysis. Frequencies are provided for binary variables, while 
means and standard deviations are provided for non-binary numerical data. 
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3.5 Methodological Approach 
 
The methodological approach is this study follows a mixture of a regression analysis and a mediation 
analysis. The latter can be considered as a reverse engineering and breakdown of a regression 
analysis, wherein a series of regression equations with slight deviations are created and 
simultaneously computed to measure the specific influence of a target variable. Our approach 
therefore considers a mixture of statistical significance (using unstandardised estimates and p-values) 
and practical significance (using standardised estimates, effect sizes and confidence intervals). 
Considering both the statistical and practical significance of our results is recommended by the Task 
Force on Statistical Inference (Wilkinson 1999), and has specific utility in the field of road traffic safety 
given the inherent randomness that exists among each collision.    
3.5.1 Mediation Analysis using Log-Linear Regression 
Mediation analyses are often used in economic and social science settings to not only measure the 
effects that predictors have on outcomes, but to explore the process by which these effects occur. As 
such, mediation analyses move beyond regression analyses and the effects that observational data 
may have on a specified dependent variable, to determine the effects that a third, intervening 
variable may have on influencing these relationships. We place emphasis on measuring the 
intervening effect that delta-V has on related crash factors in determining expected court-awarded 
compensation. While a linear regression model may assess the impact that an independent variable 
has on a specified outcome, a mediation model partitions the total effects in a linear model into two 
parts – measuring the indirect effects through the intervening variable, and measuring the direct 
effects of all predictors, including the mediator.  
In short, mediation identifies the indirect effect that a variable of interest accounts for in the 
relationships between independent variables and dependent variables. The goal is to isolate the 
impact of the mediator variable so that the strength of the relationship between predictor and 
outcome can be analysed, and concealed factors that may impinge on the nature of the predictor-
outcome relationship can be identified. The chosen mediator is the mechanism through which the 
focal independent variable is able to influence the dependent variable of interest and therefore, 
established evidence must exist of a relationship between the predictor, mediator, and outcome. 
Evidence of these relationships are presented in the attached Appendix. There is an abundance of 
evidence that our chosen mediator, delta-V, influences severity outcomes (Kockelman and Kweon 
2002, Richards and Cuerden 2010, Carter et al. 2014, Shannon et al. 2018), while evidence of the 
predictors’ relationships with the outcome variable (without the mediator) is available in Table A3. 
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Furthermore, the mediator must follow the predictor variables in temporal order, but precede the 
outcome variable (Kraemer 2008). 
The mediation analysis is set up by considering a standard linear regression model based on the 
maximum-likelihood estimates, 
ln 𝑌 = 𝛽0 + 𝛽𝑗𝑥𝑗−1 +  𝜀ln 𝑌 (1) 
The response variable Y is log-transformed and dictated by response effects 𝛽𝑗, where 𝑗 = 1, … , 𝑛 +
1. The regressors and errors for ln 𝑌 are represented as 𝑥𝑗−1 and 𝜀. Note that the generalised 
Equation 1 uses 𝑗 − 1 as an index notation for each independent variable to ensure that the 
estimated variables in Equation 2 and Equation 3 conform in Equation 5, despite Equation 3 
estimating one fewer predictor variable than Equation 2. Furthermore, this notation ensures that the 
intercept is included in both Equation 2 and Equation 3. 𝑥0 represents the mediator, 
the ln(𝑑𝑒𝑙𝑡𝑎 − 𝑉), or ln 𝐷𝑉, variable. In addition, the standardised effects are reported due to the 
difference in scales among the variables in the analysis. Including standardised effect sizes can be 
useful for comparing the relative magnitude of information captured by estimators in the sample, if 
the sample size and the scales among the estimators are comparable. 𝑆𝑡𝑑 ln 𝑌(𝛽j) is used for binary 
independent variables and signifies the change in ln 𝑌 standard deviation units when an observation 
for 𝑥𝑗−1 changes by one unit. 𝑆𝑡𝑑 ln 𝑌𝑋(𝛽j), on the other hand, is used to report results pertaining to 
the response effects of a continuous variable, and is interpreted as the change in ln 𝑌 standard 
deviation units when an observation for 𝑥𝑗−1 changes one standard deviation. 








ln 𝑌 is partitioned into two perspectives – those defining the direct effects of the explanatory 
variables on the response variable relating to ECCs, and the effects of the predictor variables on the 
mediator, where the response variable is delta-V. The expanded 𝑛-factor effect models are stated as  
ln 𝑌 = 𝛽0 + 𝛽1 ln 𝐷𝑉 + 𝛽2𝑥1 + ⋯ + 𝛽𝑛𝑥𝑛−1 + 𝛽𝑛+1𝑥𝑛 + 𝜖ln 𝑌 (2) 
ln 𝐷𝑉 = 𝛾0 + 𝛾1𝑥1 + 𝛾2𝑥2 + ⋯ + 𝛾𝑛−1𝑥𝑛−1 + 𝛾𝑛𝑥𝑛 + 𝜖ln 𝐷𝑉 (3) 
Where 𝛽𝑗 denote the weights for each 𝑥𝑗−1 among the regression equation. Equation 2 is the direct 
effects model, while Equation 3 describes the relationship between crash factors and delta-V. Note 
that the mediator, delta-V, is included as a factor in the ECC measure ln 𝑌 (Equation 2). This can be 
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considered as a typical regression model between dependent and independents, including the 
mediator. The residuals of ln 𝑌 are assumed to be uncorrelated with the residuals of the ln 𝐷𝑉 effect 
equation.  
The indirect effects are found by inserting the ln 𝐷𝑉-dependent direct effect equation in to ln 𝑌,  
          ln 𝑌 = 𝛽1(𝛾0 + 𝛾1𝑥1 + 𝛾2𝑥2 + ⋯ + 𝛾𝑛−1𝑥𝑛−1 + 𝛾𝑛𝑥𝑛 + 𝜖ln 𝐷𝑉) + ⋯ (4) 
Which when restated as a reduced form equation, the combined model of total effects (5) are a 
summation of indirect effects (4) and direct effects (2) 
ln 𝑌 = 𝛽0 + 𝛽1𝛾0 + (𝛽2 + 𝛽1𝛾1)𝑥1 + (𝛽3 + 𝛽1𝛾2)𝑥2 + ⋯ + (𝛽𝑛 + 𝛽1𝛾𝑛−1)𝑥𝑛−1 + (𝛽𝑛+1 + 𝛽1𝛾𝑛)𝑥𝑛 + 𝛽1𝜖ln 𝐷𝑉 + 𝜖ln 𝑌 (5) 
The bias-corrected bootstrapping method is used to calculate the standard errors of the effects in our 
model. While effect coefficients can be estimated by a single run of the ML-estimated log-linear 
model, 5000 random samples (with replacement) are also drawn from the data. The bootstrap 
estimates represent the mean estimate of the 5000 samples, along with a 90% degree of confidence 
of the possible range of the estimates (Efron and Tibshirani 1994). The bias-correction is a 
representation of the difference of the mean sample estimate and the original estimate from a single 
run of the log-linear model. The bias-corrected bootstrapping method proves robust to violations in 
model assumptions such as non-normality and heteroscedasticity, and reduces Type-1 error rates 
(Muthén et al. 2017). Considering (4) shows that, for each 𝑥𝑗−1, the indirect effect of 𝑥𝑗−1 on ln 𝑌 is 
𝛽1 × 𝛾j−1, and the direct effect is 𝛽j: 
𝐼𝑛𝑑𝑖𝑟𝑒𝑐𝑡: 𝛽1𝛾𝑗−1(𝑥𝑗−1(1) − 𝑥𝑗−1(0)) 
𝐷𝑖𝑟𝑒𝑐𝑡: 𝛽𝑗(𝑥𝑗−1(1) − 𝑥𝑗−1(0)) 
The 𝑥𝑗−1(0) value is the reference value to which the  𝑥𝑗−1(1) value is compared. We consider only 
binary and continuous variables in our analysis – there are no ordinal or nominal factors included. A 
binary 𝑥 results in a unit change from 0 to 1, while a continuous standardised 𝑥 indicates 
that 𝑥𝑗−1(0) = 0 and 𝑥𝑗−1(1) = 1 is a one standard deviation increase from the mean. In addition, all 
independent factors in the model are co-varied. The model is therefore saturated and has no degrees 





As mentioned previously, relationships must be established or theorised between all 3 components of 
a mediation analysis (Independents, Mediator, and Outcome) for effects to be interpretable. 




(Independent  Mediator) 
Direct Effects / Regression 
(Table 6) 
(Independent  Dependent) 
Total Effects / Regression w/o delta-V  
(Table 5) 
(Independent  Mediator  Dependent)  
delta-V (Ln) – *** – 
Snowy or Icy Road  ** ** 
Dark Conditions ***   
Cloudy Conditions  ** ** 
Downhill Gradient **   
Single Vehicle Collision *** *** *** 
Head-on Collision *** *** *** 
Turning Across Path **   
Intersecting Path – Striking Vehicle   **    
Intersecting Path – Struck Vehicle *** *** *** 
Backing Up ***   
Vehicle Weight (Ln) ***   
SUVs  **  
Light Vans and Trucks  *** ** 
Brake To Avoid ***  *** 
Accelerate or Swerve to Avoid ***   
Age (Ln) ** *** *** 
Weight  ** ** 
Gender *** **  
Height  *** *** 
Driver DUI (Alcohol) *** ** *** 
Seatbelt Use *** *** *** 
Seat Set to Forward-Track Position **   
Seat Set to Back-Track Position **   
Multiple Airbags Deployed in Vehicle *** *** *** 
Backseat Passengers *** **  
Table 4 – Significant relationships among the mediation environment, detailing crash factors that influence ECCs through 
the indirect indicator of delta-V.  
*** Indicates 1% Significance Level, ** Indicates 5% Significance Level 
Furthermore, as outlined in §3.5.1, standardised effects are included in our analysis due to a 
difference in scales amongst the independent variables. Reporting standardised effects allows for 
variables with significant influence to be identified regardless of the initial magnitude or unit of the 
variable. For example, while the variance of the ‘occupant weight’ variable is 543 kilograms, the 
variance of the ‘current vehicle age’ measure is 11 years, and standardised reporting allows for the 
contribution of an occupant’s weight to be compared against the contribution of a vehicle’s age. 
Standardised effects are presented and discussed in §3.6.1. However, while standardised estimates 
can be used to compare the relative contributions of crash factors toward ECCs, they cannot be used 
to infer practical ECC predictions based on the results of the model. To estimate predictions for 
expected ECCs after providing a set of inputs, the unstandardised raw estimates must be reported. 
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These unstandardised results are equivalent to regression effects and are presented and discussed in 
§3.6.2. §3.6.2 focuses on the direct effects model, which is a regression model describing the 
relationships between crash factors (including delta-V) and log-transformed ECCs. 
3.6.1 Standardised Mediation Estimates 
Applying the mediation analysis approach discussed in §3.5.1 produces results detailed in Table 5. 
Table 5 partitions the total effects of crash factors on expected compensation cost (ECC) in to direct 
effects and indirect effects (through delta-V). The standardised direct effects (column 1) signify the 
relative magnitude of the estimates borne from a linear regression on ECC when all factors are 
included, including the mediator. The standardised total effects (column 3) signify the same model 
when the mediator is excluded. As such, the standardised indirect effect estimates (column 2) signify 
the extent to which delta-V plays a role between predictor and outcome. The significant direct effect 
results are the effects to be mediated according to the Baron and Kenny (1986) approach. However, 
we also follow the direction of Zhao et al. (2010), who argue that significant total effects do not need 
to be present in order for mediation to occur. Competitive partial mediation relationships may also be 
present and may be reported upon, wherein significant direct and indirect effects with opposing signs 
can sum to a net insignificant result.  
Table 5 shows that although delta-V has a significant direct relationship with expected compensation 
(0.294, with standard error 0.019), a number of relationships appear to be unrelated to the delta-V of 
the collisions. The results indicate that collisions on snowy or icy roads are largely associated with 
decreased compensations (direct effect = -0.057, S.E. = 0.025), which is unmediated by delta-V. Light 
vans and trucks also have a significant effect in mitigating the severity of an MVC on individual 
occupants with a non-negligible effect size (-0.060, S.E. = 0.023), as does an occupant’s height (-0.070, 
S.E. = 0.027). This effect is unmediated by delta-V, which indicates that these variables result in lower 
ECCs, regardless of delta-V. The opposite relationship is found for ‘cloudy conditions’ (0.040, S.E. = 
0.019) and an occupant’s weight (0.057, S.E. = 0.024). These factors have positive direct relationships 
with the compensation expected from the incident with non-negligible effect sizes. These 
relationships are not mediated, indicating that despite controlling for delta-V, MVCs occurring in 
cloud conditions and increased occupant weight are expected to result in higher compensations. 
Table 5 also provides evidence of relationships between collision factors and expected compensation 
that is partially mediated by delta-V. This is indicated by relationships in which the direct, indirect, and 
total effects on expected compensation are all statistically significant. Partial mediation stipulates that 
even though including delta-V weakens the relationship between the independent variables and the 
severity of the incident (due to a significant indirect relationship), their direct and total effects remain 
significantly different from zero (0) after controlling for delta-V. As such, these collision factors have a 
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significant relationship with expected compensation, with and without the influence of delta-V. 
Collisions that occur while the driver is under the influence of alcohol, and collisions in which multiple 
airbags are deployed, incur a higher level of compensation. In addition, single-vehicle collisions and 
head-on collisions lead to a higher level of compensation relative to rear-end collisions. In contrast, 
occupants that wear their seatbelt tend to incur a lower level of compensation. These relationships 
hold when delta-V is both included and excluded from the model.  
A number of partially mediated relationships are also present in which the direct effects and indirect 
effects have opposing signs. This is evidence of relationships with a competitive partial mediation, 
wherein collision factors that have a positive relationship with ECCs also have a negative relationship 
with delta-V, or vice versa. For example, the positive relationship between ECCs and occupant age 
(direct effect = 0.179, S.E. = 0.026) is offset by the negative relationship between occupant age and 
delta-V (indirect effect = -0.014, S.E. = 0.007). Two conclusions can be drawn from this – older 
occupants tend to suffer from greater bodily damage and hence increased ECCs, even though older 
occupants tend to be involved in collisions with lower delta-Vs. This relationship also holds for 
vehicles that are directly struck from the side – an increase in the severity and frequency of injuries in 
these areas is offset by their occurrences at low velocities. More pressingly, significant increases in 
expected compensation for female occupants (direct effect = 0.042, S.E. = 0.020) and occupants in 
the backseat (direct effect = 0.059, S.E. = 0.027) are offset by negative relationships with delta-V 
(indirect effects = -0.025 (0.006) and -0.021 (0.007), respectively). While females and backseat 
passengers are subject to a higher frequency and severity of injuries, and therefore higher 
compensation estimates, they are typically involved in incidents with a lower delta-V. Given that the 
total effect of these latter two factors are insignificant, neglecting to include delta-V in the model 
would have allowed these relationships to go unconsidered. 
The results indicate that although braking to avoid a collision results in lower ECCs, this relationship is 
fully mediated by the delta-V of the crash. The standardised total effect of ‘Brake to Avoid’ (-0.055, 
with standard error 0.021) is highly significant and small but appreciable, according to the effect size 
benchmarks of (Cohen 1992). However, the direct effect is insignificant, and ‘Brake to Avoid’ has a 
significant negative relationship with delta-V. This suggests that delta-V has a mitigating effect on 
braking to avoid an incident, and that delta-V explains much of the variance that was previously 
explained by this avoidance manoeuvre. In other words, since braking to avoid an incident inherently 
lowers the delta-V of the resulting collision, the final delta-V is a better predictor of crash severity 
than this pre-crash avoidance manoeuvre. As such, rather than indicating that braking prior to an 
incident will result in a lower severity crash, the combination of direct and indirect effects indicate 
that ‘Brake to Avoid’ crashes are less severe because they result in lower velocity incidents.  
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In addition, there are some relationships that are indicative of non-effectual mediation. Collisions 
occurring in darkness and collisions that occur on a downward slope, along with the collisions in which 
the lead vehicle directly impacts, backs into, or turns into the path of another vehicle, are examples of 
non-effectual mediation. These parameters, along with vehicle weight, accelerating or swerving to 
avoid an incident, and seat-tracks set to extreme positions, all have significant indirect effects, but 
non-significant direct and total effects. A significant indirect effect combined with non-significant 
direct and total effects demonstrates that there is a strong relationship between the independent 
variable and the mediator, but not with the compensation measure. For example, while larger 
vehicles tend to be in involved in incidents at lower delta-Vs, this relationship has no meaningful 
impact on expected compensation. As such, there appears to be no relationship between vehicle 




Expected Compensation Cost (ECC) (Ln) 
Direct (SE) Indirect (SE) Total (SE) 
delta-V (Ln) .294 (.019)*** – – 
Environmental Factors 
Dry Road (Control) 
Wet Road -.035 (.027) -.002 (.008) -.037 (.029) 
Snowy or Icy Road -.057 (.025)** 0 (.007) -.057 (.026)** 
Daylight (Control) 
Darkness -.010 (.019) .026 (.006)*** .016 (.020) 
Clear Conditions (Control) 
Cloudy Conditions .040 (.019)** .011 (.006) .051 (.020)** 
Rain, Snow or Fog .038 (.030) .002 (.009) .040 (.032) 
Level Ground (Control) 
Uphill .004 (.018) .002 (.005) .006 (.019) 
Downhill .010 (.019) .012 (.006)** .022 (.020) 
No Controls / Other (Control) 
Traffic Signals .014 (.021) .008 (.006) .022 (.022) 
Stop Yield Signs .008 (.020) .009 (.006) .016 (.021) 
Other Regulation Signs .014 (.016) -.004 (.005) .009 (.017) 
Crash Factors 
Single Vehicle Collision .161 (.026)*** .033 (.009)*** .193 (.027)*** 
Rear-end Collision (Control) 
Head-on Collision .142 (.023)*** .057 (.008)*** .199 (.024)*** 
Turning Across Path .045 (.027) -.018 (.008)** .027 (.028) 
Intersecting Path – Striking Vehicle -.013 (.023) -.017 (.007)** -.030 (.023) 
Intersecting Path – Struck Vehicle .113 (.023)*** -.045 (.008)*** .068 (.024)*** 
Backing Up .004 (.008) -.008 (.004)*** -.004 (.009) 
Current Vehicle Age -.031 (.019) -.006 (.006) -.037 (.020) 
Vehicle Weight (Ln) .034 (.025) -.063 (.008)*** -.029 (.026) 
Automobile (Control) 
SUV -.043 (.022)** .011 (.006) -.032 (.023) 
Light Trucks & Vans -.060 (.023)*** .011 (.007) -.049 (.024)** 
No Avoidance Manoeuvre (Control) 
Brake to Avoid -.030 (.020) -.025 (.006)*** -.055 (.021)*** 
Accelerate / Swerve to Avoid .007 (.019) -.021 (.006)*** -.014 (.020) 
Occupant Characteristics 
Age (Ln) .179 (.026)*** -.014 (.007)** .165 (.027)*** 
Weight  .057 (.024)** -.005 (.007) .052 (.025)** 
Gender .042 (.020)** -.025 (.006)*** .017 (.021) 
Height -.070 (.027)*** -.006 (.008) -.077 (.028)*** 
In-Vehicle Dynamics 
Driver DUI .050 (.022)** .028 (.007)*** .078 (.023)*** 
Seatbelt Used -.123 (.019)*** -.015 (.006)*** -.138 (.020)*** 
Seat at Front Track Position .004 (.018) .015 (.006)*** .019 (.019) 
Seat in Front – Mid Position .006 (.020) .004 (.006) .010 (.021) 
Seat in Mid / Unadjusted (Control) 
Seat in Mid – Rear Position -.011 (.021) -.011 (.006) -.021 (.022) 
Seat at Rear Track Position -.007 (.021) -.014 (.006)** -.021 (.022) 
Multiple Airbags Deployed in Vehicle .091 (.019)*** .027 (.006)*** .118 (.019)*** 
Occupant in Driver Seat (Control) 
Occupant In Passenger Seat -.003 (.019) -.004 (.005) -.007 (.020) 
Occupant in Backseat .059 (.027)** -.021 (.007)*** .038 (.027) 
Table 5 – Mediation: Bias-corrected, Standardised Direct, Indirect, and Total Effect Sizes describing the relationship between 
crash factors and expected compensation cost (ECC) through the mediator, delta-V. Note that the standard errors are in 
parentheses. 
*** Indicates 1% Significance Level, ** Indicates 5% Significance Level 
  
Page 88 
3.6.2 Unstandardised Direct Effect (Regression) Estimates 
Given that the effect that delta-V plays on the variables in this analysis has been established (Table 5), 
the bias-corrected unstandardised estimates in Table 6 can be interpreted with additional clarity. The 
direct effect model is a linear regression describing the typical relationship between predictors and 
response variables, where the mediator (delta-V) is included as a factor, allowing for predictions to be 
made about the expected court-awarded compensation. As such, the direct effect model is subject to 
closer examination, and the unstandardised estimates are reported. While the standardised estimates 
in Table 5 are used to compare the contributions of the variables in the analysis regardless of their 
initial magnitude, the unstandardised estimates in Table 6 allow for predictions to be made regarding 
the expected compensation for a given crash scenario.  
All significant direct relationships in Table 5 are also significant in Table 6. The intercept dictates a 
base compensation estimate of 𝑒6.841+
.8092
2 = €1,300. delta-V remains highly significant, indicating 
that it plays a primary role in determining the elasticity of compensation expected from an MVC. For 
each percentage increase in delta-V, the base ECC estimate increases by 0.562%. The associated 90% 
Confidence Interval is [0.501%, 0.622%]. Anthropometric indicators also remain highly significant in 
determining the level of compensation, as the age, height and weight of the occupant influence ECC 
estimates. A percentage increase in the age of the occupant increases the ECC by 0.237%, within a 
90% CI of [0.181%, 0.293%], while each additional kilogram of weight tends to increase the ECC by 
0.2% (CI = [0.1%, 0.4%]). However, the height of the occupant decreases the ECC by 0.4% (CI = [-0.6%, 
-0.1%]), on average. Table 5 additionally highlights that incidents involving older occupants tend to 
occur at lower delta-Vs.  
The remaining variables are binary variables. Since the dependent variable has been log-transformed, 
the geometric mean deviations (𝑒𝛽𝑗 − 1) are reported rather than the raw 𝛽𝑗 changes in mean. 
Snowy or icy conditions result in a lower level of compensation ([𝑒−0.254 − 1] = 22.4%, CI = [-35.1%, -
6.6%]), while MVCs in cloudy conditions increase ECCs by 11.1%, on average, within confidence 
intervals of [2.3%, 20.7%]. Single vehicle collisions, head-on collisions and vehicles that are struck 
directly from the side also induce a higher compensation cost relative to rear-end collisions. These 
crash types increase ECC estimates by 49.3%, 52.7% and 35.4% respectively, within 90% confidence 
intervals of [34.2%, 66.7%], [36.8%, 71.1%], and [22.5%, 51.0%]. Light passenger cars tend to incur in 
the highest level of compensation amongst vehicle body types in our sample, with SUVs reducing 
compensation estimates by 9% (CI = [-15.8%, -1.5%]), and light vans and trucks decreasing 
compensation estimates by 14.8% (CI = [-23.0%, -5.8%]). 
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Females in our sample tend to suffer greater bodily damage from MVCs, with increased ECC estimates 
of 7.8% within a 90% confidence interval of [1.6%, 14.5%]. Occupants that are involved in MVCs 
where the driver is under the influence of alcohol also tend to have more severe injuries, resulting in 
a 22.5% increase in ECCs (CI = 6.2%, 41.9%). In contrast, occupants wearing a seatbelt at the time of 
the crash tend to incur fewer injuries, resulting in an ECC decrease of 23.4% (CI = [-28.3%, -17.6%]). 
The latter two results concur with the findings of Blincoe et al. (2015), who conclude that these 
factors are significant determinants of the economic cost attached to MVCs. Incidents in which 
multiple airbags deploy in the vehicle result in higher levels of compensation (26.5%, CI = [17%, 
37.3%]). The same result is found for occupants that are situated in the backseat, which increases the 
level of compensation by 18.5% on average (CI = [5.1%, 35.9%]). We surmise that rather than being 
detrimental to the occupants within the vehicle, the deployment of airbags may instead be a proxy for 
the overall severity of the incident. A high level of longitudinal delta-V is required to activate multiple 
airbags, which would require a higher level of crash energy and therefore, a higher risk of injury 
(Savolainen and Ghosh 2008). In addition, backseat passengers have fewer safety features and have 
been previously shown to be exposed to a higher risk of serious injury (Atkinson et al. 2016), which 




Expected Compensation Cost (ECC) (Ln) 
Estimate Standard Deviation 90% CI Sig. 
Intercept 6.841 .809 [5.547, 8.246] <.001*** 
delta-V (Ln) .562 .037 [.501, .622] <.001*** 
Environmental Factors 
Dry Road (Control) 
Wet Road -.086 .068 [-.195, .030] .216 
Snowy or Icy Road -.254 .110 [-.432, -.068] .023** 
Daylight (Control) 
Darkness -.019 .036 [-.078, .038] .592 
Clear Conditions (Control) 
Cloudy Conditions .105 .051 [.023, .188] .040** 
Rain, Snow or Fog .102 .081 [-.031, .238] .208 
Level Ground (Control) 
Uphill .011 .046 [-.063, .088] .800 
Downhill .024 .047 [-.053, .104] .584 
No Controls / Other (Control) 
Traffic Signals .025 .038 [-.038, .088] .509 
Stop Yield Signs .025 .065 [-.081, .134] .698 
Other Regulation Signs .103 .122 [-.091, .312] .380 
Crash Factors 
Single Vehicle Collision .401 .065 [.294, .511] <.001*** 
Rear-end Collision (Control) 
Head-on Collision .423 .068 [.313, .537] <.001*** 
Turning Across Path .082 .049 [.001, .161] .095 
Intersecting Path – Striking Vehicle -.036 .064 [-.139, .068] .586 
Intersecting Path – Struck Vehicle .303 .063 [.203, .412] <.001*** 
Backing Up .094 .191 [-.191, .453] .562 
Current Vehicle Age -.008 .005 [-.017, 0] .104 
Vehicle Weight (Ln) .139 .103 [-.035, .303] .189 
Automobile (Control) 
SUV -.094 .048 [-.172, -.015] .042** 
Light Trucks & Vans -.160 .060 [-.261, -.060] .006*** 
No Avoidance Manoeuvre (Control) 
Brake to Avoid -.058 .039 [-.119, .008] .148 
Accelerate / Swerve to Avoid .020 .053 [-.066, .104] .678 
Occupant Characteristics 
Age (Ln) .237 .034 [.181, .293] <.001*** 
Weight .002 .001 [.001, .004] .015** 
Gender .075 .036 [.016, .135] .032** 
Height -.004 .001 [-.006, -.001] .010*** 
In-Vehicle Dynamics 
Driver DUI .203 .088 [.060, .350] .023** 
Seatbelt Used -.267 .042 [-.333, -.193] <.001*** 
Seat at Front Track Position .018 .080 [-.119, .146] .852 
Seat in Front – Mid Position .016 .055 [-.080, .101] .777 
Seat in Mid / Non-adjustable (Control) 
Seat in Mid – Rear Position -.022 .042 [-.095, .048] .556 
Seat at Rear Track Position -.014 .043 [-.088, .057] .728 
Multiple Airbags Deployed in Vehicle .235 .048 [.157, .317] <.001*** 
Occupant in Driver Seat (Control) 
Occupant In Passenger Seat -.006 .042 [-.072, .066] .903 
Occupant in Backseat .170 .077 [.050, .307] .018** 
Table 6 – Linear Regression: Corrected, unstandardised Maximum Likelihood estimates describing the relationship between 
crash factors and expected compensation cost (ECC). 
*** Indicates 1% Significance Level, ** Indicates 5% Significance Level 
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3.7 Discussion – Exploring Expected Compensation Costs (ECCs) 
 
3.7.1 Case Study – NASS-CDS Incident 
To demonstrate the effectiveness of the unstandardised estimates (Table 6) in predicting the cost 
associated with an MVC, a sample case study is chosen from the 6th primary sampling unit (case 
number 130). The incident occurred in 2013. The stratum is denoted ‘K’, indicating a casualty 
admitted to hospital overnight after suffering an incapacitating but non-fatal injury, in an incident in 
which at least one 2010 or older vehicle is towed. The one-vehicle incident involved a 43-year-old 
male (height 173cm, weight 86kg) that had been driving a 2010 passenger car with curb weight 
1,190kg. The injured occupant had set their seat back to the rear-most track position, and was not 
wearing a seatbelt when discovered. Point of contact features are unknown; however, one airbag had 
been deployed upon the driver. Site evidence and reconstruction software indicated a total delta-V of 
18km/h. The collision occurred at night in clear and dry weather, on a road with an uphill slope. After 
admittance to the hospital, the injured occupant was found to be under the influence of alcohol. 
The occupant sustained multiple rib fractures, a knee laceration, and a multitude of abrasions 
affecting the head, face, upper arm, and lower leg. As detailed in §3.4.2, the Book of Quantum 
recommends that the compensation range be based on the most severe injury. The most severe 
injury sustained in this incident were the multiple rib fractures with AIS level 3, categorized as a 
moderately severe injury. The range specified for moderately severe rib or chest bone fractures is 
€29,600 – €63,400. Using the methodology put forth in §3.4.2, the cost of injuries is calculated to be 
€55,281, while the cost predicted by the parameters in Table 6 is €42,548 (90% CI = [€11,000, 
€160,000]). Both of these costs are in accordance with the range of pay outs dictated by the Book of 
Quantum. 
3.7.2 Implications of Mediation Effects 
The results of Table 5 and Table 6 indicate that delta-V plays an unequivocal primary role in the 
severity of an incident. However, the nature of a mediation analysis posits that further explorations 
can be made regarding the relationship between crash factors and crash severity. We find that 
incidents involving vehicles that brake prior to the collision typically result in lower levels of 
compensation, on average. However, after accounting for delta-Vs, the results of the mediation 
analysis suggest that merely performing this manoeuvre does not significantly influence ECCs. Rather, 
it is the resulting reduction in speed (and hence, delta-V), that significantly reduces crash severity.  
Furthermore, conducting a mediation analysis allows for competitive partial mediation relationships 
to be identified, which presents a more nuanced view on the effect that delta-Vs have on MVCs and 
ECCs. The substantial increase, for example, in ECCs associated with females and backseat passengers 
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is surprising given that their incidents tend to occur at lower velocities. The implication of these 
findings is that if delta-V was not included as a factor in our analysis, neither the positive association 
of these variables with injury severity nor their negative association with delta-V would have 
presented as significant, allowing for these influential results to go unnoticed. This may have also 
been the case for vehicles that are struck directly from the side. Occupants involved in these collisions 
suffer injuries with higher levels of compensation in our sample, despite the data suggesting that the 
collisions occur at lower velocities. Despite the offset in effect size due to a negative relationship with 
delta-V, the positive relationship with crash severity remains significant. These crashes have 
previously been shown to result in higher severity incidents (Richards and Cuerden 2010). 
A number of relationships are also found between ECCs and crash factors despite the influence of 
delta-V. The significant changes in ECCs associated with anthropometric factors (such as occupant 
weight and height) and cloudy or adverse weather conditions (such as snowy or icy roads) are 
unrelated to the influence of delta-V. This conclusion is also evident for the relative safety afforded by 
vans or light trucks – they are typically involved in MVCs with lower levels of compensation, 
regardless of impact velocity. It has previously been posed that adverse conditions lead to reduced 
crash severities because they occur at lower crash velocities (Mannering and Bhat 2014). However, 
the mediation results in Table 5 indicate that there is no apparent relation between snowy or icy 
roads and lower delta-Vs. It may therefore follow that driving in adverse weather conditions induces a 
heightened sense of awareness, which may lead to a higher level of safety exhibited by drivers. As 
such, any incidents that do occur may be less severe. The details of this relationship should be 
examined further in future studies.  
3.7.3 Implications of Regression Effects 
As previously noted, the unstandardised estimates from the log-linear regression analysis (Table 6) 
allows for predictions to be made regarding the average expected court-awarded compensation for a 
given crash scenario. There are no incidents in which there are no recorded injuries and therefore the 
baseline, where no collision factors apply, does not run through zero. Instead, the regression analysis 
indicates that when delta-V is set to 1km/h and all other factors are set to 0, the expected range of 
ECC with 90% confidence is [€360, €5,300], with a base estimate of €1,300. The 1km/h limit is used as 
a baseline as delta-V is log-transformed in our model, i.e. ln(1) = 0 represents no effect. As such, this 
methodology is not applicable for incidents in which there are no injuries suffered. As found in §3.6.2, 
a percentage increase in delta-V increases ECC by .562%, with a 90% Confidence Interval of 
[.501%, .622%]. MVCs in our sample ranged from a delta-V of 4km/h – 97km/h, at which point the 
expected compensation costs solely due to the influence of delta-V is between €2,850 and €17,000. 
The full range of associated ECCs, with 90% CI, are provided in Figure 4.  
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Figure 4 – Distribution of expected compensation costs (ECCs) with confidence bounds, solely based on delta-V (ceteris 
paribus). An array of significant factors combined with delta-V are possible but are not included. 
In addition, the influence of significant crash factors (from Table 6) on ECC can be examined, ceteris 
paribus, along the range of values of the delta-V scale (Table 7). The age of the occupant (€3,900 – 
€23,300), head-on collisions (€1,500 – €9,000), single vehicle collisions (€1,400 - €8,500) and vehicles 
struck directly in the side (€1,000 – €6,000) represent the largest increase to the base estimate for 
delta-Vs ranging from 4 – 97km/h. Collisions in which multiple airbags are deployed (€750 – €4,550), 
DUI collisions (€650 – €3,900), and occupants situated in the backseat at the time of a collision (€550 - 
€3,200) also add sizeable amounts to the economic detriment of MVCs. Increased occupant weight 
(€450 – €2,600), collisions in cloudy conditions (€300 - €2,000), and injuries to female passengers 
(€225 - €1,350) also tend to add to the level of compensation due, albeit at a smaller level.  
At the other end of the scale, a number of factors tend to be significantly associated with a reduction 
in compensation across delta-V levels. An occupant’s height (decrease of €1,900 - €11,350) largely 
offsets the increase in compensation from increased occupant age and weight. This would suggest 
that taller occupants tend to incur a lower level of bodily injury damage, whereas heavier and older 
occupants tend to suffer a higher level of bodily injury damage. The results of Table 7 also suggest 
that there is a relatively high level of safety afforded by seatbelts (decrease of €650 - €4,000), light 
vans and trucks (decrease of €400 - €2,500) and SUVs (decrease of €250 – €1,500). Collisions 
occurring in snowy or icy conditions also result in lower levels of compensation (decrease of €600 - 
€3,750). However, it must be noted that these figures are point estimates for the combination of 
significant factors with the lowest and highest recorded delta-V, and do not consider the 90% CIs that 
are provided in Figure 4. Furthermore, the estimates relate to delta-V plus one other variable, 



































Expected Compensation Cost (ECC) based on delta-V
Upper 90% CI Estimate Lower 90% CI
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Expected Compensation Cost (ECC)  
Effect on Estimate 1km/h 4km/h (min) 97km/h (max) 
delta-V (Ln) – €1,304 €2,843 €17,041 
Snowy or Icy Road -22.0% €1,018 €2,219 €13,300 
Cloudy Conditions +11.2% €1,451 €3,163 €18,953 
Single Vehicle Collision +49.6% €1,953 €4,255 €25,502 
Head-on Collision +53.0% €1,997 €4,351 €26,075 
Intersecting Path Collision– Struck Vehicle +35.7% €1,770 €3,858 €23,119 
SUV -8.9% €1,189 €2,591 €15,530 
Light Vans & Trucks -14.6% €1,114 €2,428 €14,548 
Age (Ln) (Mean = 3.49, or 38.9 years) +0.24% (elasticity) €3,107 €6,760 €40,355 
Weight (Mean = 75.6 kg) +0.2% €1,502 €3,274 €19,621 
Gender (Females) +7.9% €1,407 €3,067 €18,381 
Height (Mean = 166.7 cm) -0.4% €436 €951 €5,700 
Driver DUI +23.0% €1,605 €3,497 €20,958 
Seatbelt Used -23.4% €1,000 €2,179 €13,060 
Multiple Airbags Deployed in Vehicle +26.6% €1,652 €3,601 €21,581 
Occupant in Backseat +18.9% €1,551 €3,381 €20,259 
Table 7 – Point estimates of significant factors when combined with delta-V. The 4km/h and 97km/h benchmarks represent 
the range of delta-Vs recorded in our sample. Note that confidence intervals are not provided with the point estimates. 
3.7.4 Implications of Expected Compensation Costs (ECCs)  
3.7.4.1 Comparison with Prior Estimates of Economic Costs 
The methodology we propose in our study partially extends the economic cost approach of the U.S. 
Department of Transportation (2016) and Blincoe et al. (2015). The estimates provided in these 
reports are calculated by solely using the most severe injury suffered along the Abbreviated Injury 
Scale (AIS) system, whereas our study factors in both primary and secondary injuries. Blincoe et al. 
(2015) find that the average economic compensation due to serious-injury casualties is $135,646 in 
the U.S., while Schoeters et al. (2017) report serious-injury compensations ranging from €28,205 – 
€975,074 for European countries, with a median of €254,777. The median value for serious injuries in 
our sample is €79,346 (Figure 5), which contrasts with the reported median economic cost of 
€225,511 for serious-to-worse injuries in Ireland in 2015 (Wijnen et al. 2017).  
There is further reasoning behind the deviation between the expected court-awarded compensation 
and economic cost for serious injuries, as the latter figure is largely influenced by Willingness-to-Pay 
(WTP) estimates. WTP estimates are often used in cost-benefit analyses that measure the value that 
road users are willing to pay to reduce their risk of injury or death (Rizzi and Ortúzar 2006, Hensher et 
al. 2009), and their societal utility has seen their use extended to economic estimates. When medical 
and production-loss (pecuniary) damages cannot adequately account for the non-pecuniary damages 
suffered in an motor vehicle collision, WTP estimates serve as a proxy for the economic damage 
stemming from a decreased quality of future life (Schoeters et al. 2017). Estimates of economic costs 
derived using the WTP methodology are typically much higher than estimates of economic damage 
using court-award compensation costs, due to their emphasis on accounting for non-pecuniary 
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damages. Given the societal association with these trade-offs between costs and risk-reduction 
however, WTP estimates provides global information that do not correspond with individual cases of 
injury (Schoeters et al. 2017) and so are inadequate guidelines to follow when determining the 
compensation costs owed to individual occupants in MVCs. As such, it follows that our ECC-derived 
value of €79,346 for serious injuries contrasts significantly with the WTP-derived economic cost of 
€225,511 for serious-to-worse injuries in Ireland in 2015. 
The influence played by WTP is highlighted by the level of compensation due for minor injuries (Figure 
5), where non-pecuniary damages typically do not apply and so WTP estimates play a diminished role. 
In this case, the median economic cost of minor injuries in Ireland in 2015 was €20,860 (Wijnen et al. 
2017), which aligns closely with the median expected compensation for minor injuries in our sample 
(€16,187). The introduction of the updated Book of Quantum guidelines in 2016 will gradually result 
in economic costs that more closely align with court-awarded compensation estimates, given that the 
updated guidelines focus on “pain, suffering and loss of enjoyment of life”, or the non-pecuniary 
considerations that WTP estimates consider (Personal Injuries Assessment Board 2016).  
 
Figure 5 – A breakdown of expected compensation costs (a combination of medical costs, reduced workplace and household 
productivity, and loss of enjoyment of life) by the highest level of injury sustained by an MVC casualty. The highest level of 
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3.7.4.2 Applicability and Policy Recommendations 
The restrictive requirements for inclusion in our sample (§3.4.3.1) raised a concern that the generality 
of the NASS-CDS database would be lost. However, the cost breakdowns in Table 8 provide some 
evidence that this may not be the case. Although minor collisions with injury costs less than €10,000 
are under-represented in our sample (20.3%, versus 29% realised in 2018), the remaining cost bands 
match relatively closely with the latest Irish statistics on settled injury claims relating to MVCs (Central 
Bank of Ireland 2019). This indicates that the loss of generality caused by using unweighted NASS-CDS 
cases is not too severe, and the expected compensation cost (ECC) estimates are at least partially 
representative of general injury claim cases. 
Band 
Proportion of Injury Claims in 
Ireland, 2018 
Proportion of Injury Claim (ECC) 
Estimates in our Sample 
€0 - €10,000 29% 20.3% 
€10,001 - €15,000 15% 12.6% 
€15,001 - €30,000 29% 35.6% 
€30,001 - €45,000 11% 12.8% 
€45,001 - €60,000 5% 6.7% 
€60,001 - €75,000 3% 3.5% 
€75,001 - €100,000 3% 3.7% 
> €100,000 5% 4.9% 
All Bands 100% 100% 
Table 8 – The proportion of claimants who settled injury claims in each cost award band between 2015-2018 (Central Bank 
of Ireland 2019), compared with the proportion of injury claim estimates in each cost award band in our sample.  
Based on this evidence, it can be concluded that the methodology outlined in §3.4.2 and the 
estimates outlined in Table 6 provides a viable alternative perspective in to the make-up of the 
compensation costs attributable to MVCs. MVCs incur significant economic detriment, and this 
analysis highlights a number of crash characteristics that can be directly linked to increased economic 
costs. The results indicate that a greater number of safety features are required for backseat 
occupants. Backseat passengers suffered injuries associated with higher level of compensation 
relative to front-seat passengers, even though these incidents tend to occur at lower velocities. The 
results also highlighted the need for continued awareness surrounding the relative safety of seatbelts, 
and the increased detriment associated with alcohol-impaired driving. These issues have long-been a 
matter of concern for the NHTSA and other global organisations (World Health Organization 2018), 
and the results found in this study serve to highlight the economic benefits of wearing seatbelts, and 
the economic damage associated with driving while under the influence of alcohol. 
Furthermore, the results in Table 6 highlight the need for an increased proliferation of safety-enabled 
vehicles that can adapt to, and rectify, hazardous events that would otherwise result in MVCs. We 
find significant positive associations between compensation estimates and head-on or side-impact 
collisions. Vehicles equipped with advanced driver assistance systems (ADASs) have previously been 
shown to reduce the frequency and severity of these collision types in reconstructed incidents 
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(Scanlon et al. 2015, Ranfagni et al. 2017, Scanlon et al. 2017b, Bareiss et al. 2019). A higher market 
penetration of ADAS-enabled vehicles can mitigate the occurrence of collision types that significantly 
increase the level of economic detriment. Finally, the results indicate that biomechanical data (age, 
weight, height, gender) can be used to aid corporate or state insurance bodies in assessing the 
expected economic damage incurred from an MVC. Potential improvements can be made in the 
administrative costs associated with insurance pay outs – for example, by optimising the level of 
claims reserve required.  
 
3.8 Conclusion 
Our research offers a novel approach to quantify the severity of a motor vehicle collision. The 
strength of our research lies in the creation of a compensation cost system that offers a granular view 
on the compensation owed to individual casualties of motor vehicle collisions. Prior estimates focus 
solely on the most severe injury suffered, whereas we propose the use of estimates that include both 
primary and secondary injuries. Estimates from the ECC system are generated using standardised 
guidelines, mitigating the critique that compensation judgments can be subjective and highly variable. 
The estimates cover typical economic compensation considerations (medical expenses, workplace 
productivity, and household productivity) and punitive considerations (“loss of enjoyment of life” is a 
factor in the award amount). Specific utility for our methodology can be found in the motor insurance 
industry, as expected compensation estimates may decrease the uncertainty within actuarial 
estimates and mitigate litigation risk. 
The findings of our study indicate that much of the severity of an MVC is attributed to the change in a 
vehicle’s speed pre- and post-crash (delta-V). However, a number of other factors highly influence 
compensation estimates. Biomechanical indicators (Age, Weight, Height, Gender) and specific 
collision types (single vehicle collisions, head-on collisions, and vehicles struck in intersecting path 
collisions) largely alter the level of compensation owed to injured occupants. Alcohol-impaired driving 
is also shown to increase the economic detriment of MVCs, while wearing a seatbelt is shown to 
decrease the economic damage of MVCs. Both results are in accordance with prior economic studies. 
Furthermore, the mediation approach unveiled relationships that would have otherwise gone 
unnoticed. Backseat occupants and females suffer injuries that result in higher levels of 
compensation, on average. However, these relationships are offset by negative associations with 
crash velocities. The implication of this is that excluding delta-V from our analysis would have resulted 
in these factors having only a marginal effect on compensation estimates. Rather than ruling out 
significant relationships, this indicates that there are two significant relationships involved – backseat 
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passengers and females are associated with higher ECCs, but they tend to be involved in incidents 
with lower delta-Vs.  
We note some limitations in the data examined. For an MVC to be considered in our dataset, at least 
one vehicle must be towed from the crash site. As such, the sample is slightly biased toward more 
serious incidents. Additionally, we only include 11.5% of available cases, in order to ensure the 
inclusion of accurate and complete data. This may bias the data in our sample even further. However, 
comparisons to latest injury claim estimates show that the loss of generality is not too severe. In 
addition, our fixed parameter approach can be improved by considering random parameters, 
considering that different levels of crash factors may have differing distributional effects on 
occupants. Random parameters may also account for unobserved heterogeneity, or the ‘unknown 
unknowns’ that exist amongst the inherent randomness of MVCs. Further research may also consider 
additional factors that can influence the expected compensation owed to MVC casualties, such as the 
safety rating of the vehicle and the presence of advanced safety features in the vehicle. The health 
profile of the occupant prior to the incident is also not available for this study, which may affect 
compensation pay outs.  
Nevertheless, our research indicates that it is feasible to determine an appropriate estimate of 
compensation to be awarded solely based on collision factors. The results highlight the importance of 
existing safety policies (increased use of seatbelts, and eliminating alcohol-impaired driving) and lend 
additional support to the proliferation of advanced-safety vehicles that can mitigate the effect of 
detrimental crash types. Combining a fully developed ECC system with other severity-measure models 
may also offer a more holistic view of MVC risk and can mitigate litigation risk, as well as opening an 
avenue to link crash research with insurance and underwriting research.  
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3.10 Appendix 
The tables below offer a breakdown of the relationships in Table 4. For mediation to be established, 
relationships must exist, or theorised to exist, between the three focal points in the mediation 
environment, i.e. the relationships between crash factors and delta-V, the relationships between 
crash factors on ECCs, and the relationship between delta-V and ECC. Table A3 represents the total 
effects in Table 5 – the effects of crash factors on ECC when delta-V is excluded from the model. 
A1: Direct relationship between delta-V and ECC 
 
Expected Compensation Cost (ECC) (Ln) 
Estimate Standard Error 90% CI Sig. 
Intercept 7.848 .112 [7.667, 8.037] <.001*** 
delta-V (Ln) .659 .035 [.600, 717] <.001*** 
Table A1 – Linear Regression: Bias-corrected, unstandardised Maximum Likelihood bootstrap estimates describing the 
relationship between delta-V and expected compensation cost (ECC). 
*** Indicates 1% Significance Level, ** Indicates 5% Significance Level  
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Estimate Standard Error 90% CI Sig. 
Intercept 6.932 .387 [6.324, 7.588] <.001*** 
Environmental Factors 
Dry Road (Control) 
Wet Road -.010 .037 [-.070, .051] .804 
Snowy or Icy Road .003 .058 [-.090, .099] .944 
Daylight (Control) 
Darkness .087 .019 [.057, .121] <.001*** 
Clear Conditions (Control) 
Cloudy Conditions .052 .029 [.004, .097] .068 
Rain, Snow or Fog .008 .044 [-.061, .084] .826 
Level Ground (Control) 
Uphill .008 .025 [-.032, .049] .744 
Downhill .051 .024 [.013, .093] .026** 
No Controls / Other (Control) 
Traffic Signals .026 .020 [-.007, .058] .188 
Stop Yield Signs .050 .036 [-.010, .108] .171 
Other Regulation Signs -.058 .071 [-.168, .066] .436 
Crash Factors 
Single Vehicle Collision .145 .038 [.081, .204] <.001*** 
Rear-end Collision (Control) 
Head-on Collision .301 .038 [.235, .358] <.001*** 
Turning Across Path -.059 .025 [-.102, -.018] .02** 
Intersecting Path – Striking Vehicle -.085 .033 [-.143, -.034] .014** 
Intersecting Path – Struck Vehicle -.216 .036 [-.275, -.156] <.001*** 
Backing Up -.307 .159 [-.695, -.098] .002*** 
Current Vehicle Age -.003 .003 [-.007, .002] .311 
Vehicle Weight (Ln) -.462 .050 [-.547, -.384] <.001*** 
Automobile (Control) 
SUV .043 .024 [.002, .082] .079 
Light Trucks & Vans .054 .033 [-.003, .107] .116 
No Avoidance Manoeuvre (Control) 
Brake to Avoid -.087 .019 [-.118, -.056] <.001*** 
Accelerate / Swerve to Avoid -.103 .030 [-.153, -.054] <.001*** 
Occupant Characteristics 
Age (Ln) -.032 .016 [-.060, -.007] .039** 
Weight 0 0 [-.001, 0] .523 
Gender -.078 .020 [-.110, -.045] <.001*** 
Height -.001 .001 [-.002, .001] .447 
In-Vehicle Dynamics 
Driver DUI .201 .049 [.121, .281] <.001*** 
Seatbelt Used -.058 .023 [-.095, -.020] .009*** 
Seat at Front Track Position .118 .047 [.037, .194] .012** 
Seat in Front – Mid Position .020 .029 [-.027, .070] .486 
Seat in Mid / Non-adjustable (Control) 
Seat in Mid – Rear Position -.039 .023 [-.075, 0] .103 
Seat at Rear Track Position -.050 .023 [-.088, -.013] .025** 
Multiple Airbags Deployed in Vehicle .123 .025 [.080, .163] <.001*** 
Occupant in Driver Seat (Control) 
Occupant In Passenger Seat -.016 .021 [-.049, .019] .487 
Occupants in Backseat -.109 .036 [-.166, -.049] .004*** 
Table A2 – Linear Regression: Bias-corrected, unstandardised Maximum Likelihood bootstrap estimates describing the 
relationship between crash factors and delta-V. 
*** Indicates 1% Significance Level, ** Indicates 5% Significance Level  
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A3: Direct relationships between Crash Factors and ECC, excluding delta-V 
 
 
Expected Compensation Cost (ECC) (Ln) 
Estimate Standard Error 90% CI Sig. 
Intercept 10.740 .797 [9.437, 12.071] <.001*** 
Environmental Factors 
Dry Road (Control) 
Wet Road -.092 .073 [-.212, .029] .212 
Snowy or Icy Road -.252 .116 [-.438, -.057] .033** 
Daylight (Control) 
Darkness .030 .038 [-.031, .092] .436 
Clear Conditions (Control) 
Cloudy Conditions .134 .054 [.047, .225] .013** 
Rain, Snow or Fog .107 .085 [-.029, .252] .197 
Level Ground (Control) 
Uphill .015 .049 [-.065, .096] .758 
Downhill .053 .049 [-.028, .135] .272 
No Controls / Other (Control) 
Traffic Signals .039 .039 [-.026, .103] .320 
Stop Yield Signs .053 .069 [-.060, .165] .447 
Other Regulation Signs .071 .130 [-.143, .288] .593 
Crash Factors 
Single Vehicle Collision .483 .069 [.368, .594] <.001*** 
Rear-end (Control) 
Head-on Collision .593 .071 [.470, .708] .001*** 
Turning Across Path .049 .050 [-.036, .129] .365 
Intersecting Path – Striking Vehicle -.084 .064 [-.186, .024] .203 
Intersecting Path – Struck Vehicle .182 .064 [.077, .286] .003*** 
Backing Up -.079 .223 [-.368, .428] .786 
Current Vehicle Age -.010 .005 [-.019, -.001] .053 
Vehicle Weight (Ln) -.121 .105 [-.294, .051] .251 
Automobile (Control) 
SUV -.069 .049 [-.146, .013] .169 
Light Trucks & Vans -.130 .063 [-.234, -.025] .031** 
No Avoidance Manoeuvre (Control) 
Brake to Avoid -.107 .039 [-.171, -.041] .008*** 
Accelerate / Swerve to Avoid -.038 .057 [-.135, .053] .486 
Occupant Characteristics 
Age (Ln) .219 .034 [.162, .276] <.001*** 
Weight .002 .001 [0, .003] .048** 
Gender .030 .038 [-.033, .093] .425 
Height -.004 .001 [-.006, -.001] .009*** 
In-Vehicle Dynamics 
Driver DUI .316 .093 [.160, .465] .001*** 
Seatbelt Used -.300 .044 [-.370, -.225] <.001*** 
Seat at Front Track Position .085 .084 [-.057, .219] .333 
Seat in Front – Mid Position .027 .059 [-.076, .121] .654 
Seat in Mid / Non-adjustable (Control) 
Seat in Mid – Rear Position -.043 .044 [-.114, .034] .345 
Seat at Rear Track Position -.042 .046 [-.117, .033] .366 
Multiple Airbags Deployed in Vehicle .305 .051 [.224, .390] <.001*** 
Occupant in Driver Seat (Control) 
Occupant In Passenger Seat -.015 .044 [-.087, .057] .710 
Occupants in Backseat .108 .077 [-.010, .240] .136 
Table A3 – Linear Regression: Bias-corrected, unstandardised Maximum Likelihood bootstrap estimates describing the 
relationship between crash factors and expected compensation costs (ECCs) after excluding delta-V from the model. 
*** Indicates 1% Significance Level, ** Indicates 5% Significance Level 
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Chapter 4 
4 Exploring the role of delta-V in influencing occupant injury 
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 We examine the effect of motor vehicle collision (MVC) factors on the severity of injuries. 
 Two approaches are considered: Log-linear Regression, and Bayesian probit Regression. 
 delta-V plays a primary role in determining the number of injuries, and the probability of 
suffering an MAIS3+ injury. 
 Some crash factors influence injury severity regardless of relative crash velocity (delta-V). 




This study investigates the impact that delta-V, the relative change in vehicle velocity pre- and post-
crash, has on the severity of motor vehicle collisions (MVCs). We study injury severity using two 
metrics for each occupant– the number of injuries suffered, and the probability of suffering a serious 
or worse (MAIS 3+) injury. We use a cross-sectional set of generally-representative MVC data 
between 2010 and 2015 as a basis for our research. Collision factors that influence the crash 
environment are combined with the injuries that were suffered in MVCs. The influence of delta-V is 
captured using a mediation analysis, whereby delta-V acts as the focal point between crash factors 
and injury outcome. The mediation approach adds to existing research by presenting a detailed view 
on the relationships between injury severity, delta-V and other collision factors. We find evidence of 
competitive mediation, wherein a collision factor’s positive association with injury severity is offset by 
a negative association with delta-V. Neglecting to include delta-V in our study would have let the 
factor’s association with injury severity go undiscovered. In addition, certain collision factors are 
found to be related to injury severity solely because of delta-V, while others are found to have a 
significant impact regardless of delta-V. Our results support the multitude of policy recommendations 
that promote seatbelt use and warn against alcohol-impaired driving, and support the proliferation of 
safety-enabled vehicles whose technology can mitigate the bodily damage associated with 
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Vehicle speed remains a major cause of death and serious injury (World Health Organization 2018). A 
common measure of relative crash velocity, delta-V, has been identified as significantly increasing the 
severity of motor vehicle collisions (MVCs) (Richards and Cuerden 2010, Shelby 2011, Bahouth et al. 
2014, Jurewicz et al. 2016). This analysis examines the current impact that relative crash velocity 
(delta-V) has on influencing a variety of crash factors and injury severity. The data used in our analysis 
is derived from the National Automotive Sampling System Crashworthiness Data System (NASS-CDS) 
for the years 2010–2015. The establishment of NASS-CDS allowed for the factors involved in MVCs to 
be combined with the injuries that are suffered by occupants in the incident. As such, crash factors 
that influence the severity of MVCs can be identified by comparing their prevalence to the severity of 
injuries suffered. 
Most road safety analyses tend to focus solely on the direct relationship between crash factors and 
MVC severity. Our approach, in contrast, explores the contribution of delta-V toward other crash 
factors that have been identified as determinants of injury severity. Prior research studies have drawn 
insightful conclusions from this approach for collision frequencies (Gargoum and El-Basyouny 2016, 
Kamel and Sayed 2019). Rather than examining collision frequencies, we focus on collision severity by 
using relative impact velocity (delta-V) as a mediator variable. Therefore, this study goes beyond the 
approach of road safety analyses that predominantly explore the direct injury severity relationships 
between dependent and independent variables. We report the extent to which delta-V accounts for 
effects on other crash factors and injury severity. Furthermore, we explore the variance that is 
explained by other crash factors on injury severity after accounting for delta-V. Significant effects 
between crash factors and injury severity are uncovered because of our approach, which would 
otherwise go unnoticed in analyses that focus on directly examining the relationship between crash 
factors and injury severity. Some of these effects are examples of competitive partially-mediated 
relationships. This involves a dynamic relationship, where a variable’s positive association with injury 
severity is coupled with a negative association with delta-V. The implication of this result is that if 
delta-V is not included as a factor, neither the positive association with injury severity nor the 
negative association with delta-V would have presented as significant. This would have allowed for 
potentially influential results to go unnoticed. The results also clarify the independent role that delta-
V has on MVC severity.  
To complete these tasks, we use a mediation analysis to investigate the mediating role that delta-V 
has on a set of crash factors derived from MVCs. A mediation analysis allows for insights in to the 
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variance that is captured by a specified mediator variable. It can otherwise be thought of as a series of 
regression models that partition the effects of independent variables on dependent variables into 
three parts (Figure 1). The direct effect model (𝐶′) is a linear regression describing the typical 
relationship between predictors (including the mediator) and response variables. The indirect effect 
model is the product of the linear relationship between the mediator and the outcome variable (𝐵), 
and the linear relationships between the remaining predictor variables and the mediator (𝐴). The 
total effects model is a summation of the direct and indirect effects. This measures the impact of the 
predictors on the outcome following the exclusion of the variable of interest, the mediator variable 
([𝐴 × 𝐵] + 𝐶′).  
An examination of the direct, indirect and total effects allows for the influence of the mediator on 
other predictors to be identified. Furthermore, it reveals concealed relationships that may impinge on 
the nature of the predictor-outcome relationship. The chosen mediator (delta-V) is the mechanism 
through which the focal independent variable is able to influence the dependent variable of interest. 
Therefore, established evidence must exist of a relationship between the variables considered among 
models 𝐴, 𝐵, and 𝐶′.  
 
Figure 1 – An example of a univariate mediation analysis, as proposed by Baron and Kenny (1986). 
In our model, we assess a variety of variables for their potential impact on the outcome variables. To 
be included as predictor variables, theoretical evidence of a relationship between the crash factors 
and the outcome must exist. It is also advisable that relationships also exist between the crash factors 
and the mediator (delta-V). As such, the mediator must temporally follow the predictor variables but 
precede the outcome variable (Kraemer 2008). Given these conditions, we include variables in our 
study that have been established as having a statistically significant relationship with the severity of 
MVCs in prior analyses (Table 1). To gain a more robust view of MVC severity, two separate mediation 
analyses will be carried out using two severity measures that detail occupant injuries due to MVCs. 
These are the number of injuries sustained in the incident, and the most severe injury suffered along 
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the Abbreviated Injury Scale, otherwise referred to as the maximum abbreviated injury scale (MAIS) 
score.  
Although most studies for each variable in Table 1 are consistent in their findings, there are number 
of variables where conflicting results have been found. For example, while Haleem and Abdel-Aty 
(2010) find a decreased severity of incidents occurring in the dark, Shannon et al. (2018) and Dabbour 
(2017) report an increase. In addition, there have been a number of studies highlighting the relative 
safety afforded by larger and heavier vehicles such as SUVs or trucks when compared to other 
vehicles (Lemp et al. 2011, Shannon et al. 2018). However, Cerwick et al. (2014) note that collisions 
involving heavy trucks show an increase in severe injury rates. Finally, Meng et al. (2017), Kim et al. 
(2013) and Ulfarsson and Mannering (2004) report that male drivers are more prone to crashes of 
higher severity, but opposing results are found by Bogue et al. (2017), Eluru et al. (2010), and 
Shannon et al. (2020). Our analysis additionally includes binary variables derived from multi-
categorical variables. All binary variables are included if at least one of the categories has been shown 
to be a significant predictor of crash severity. For example, while setting a seat to its rear-most track 
position may reduce the severity of a crash, significant relationships have not been identified for 
other track positions.  
The following sections address the methods used in this study to identify the mediating effect that 
delta-V has on MVC severity. Furthermore, these methods provide further clarity on the role that 
delta-V plays on other crash factors. Section 4.4 outlines the two statistical methods used to conduct 
the mediation analyses. While a log-linear regression is used as a basis for predicting the number of 
injuries suffered based on maximum likelihood estimates (MLEs), a Markov Chain Monte Carlo 
(MCMC) Bayesian probit model is used to discern the relative effects of crash factors on the 
probability of suffering a serious or worse injury. Section 4.5 introduces the data used as part of the 
mediation analyses, as well as outlining the characteristics of the data. The results of the respective 
models are presented in Section 4.6. Section 4.7 confirms the veracity of the results presented in 
Section 4.6, while also exploring the implications of the model results. Also provided are policy 
recommendations and potential drawbacks that may be addressed in future studies. Section 4.8 




Observed Variable  Category Coding  Effect on Severity 
Mediator Variable 
Total Delta-V (Ln)  
Richards and Cuerden (2010), Shelby (2011), Bahouth et al. (2014), 
Jurewicz et al. (2016) 
 Increase 
Environmental Factors 
Surface Condition (Wet/Icy/Snow)  Fountas et al. (2018a)  Decrease 
Lighting (Darkness)  
Haleem and Abdel-Aty (2010), Shaheed and Gkritza (2014), Dabbour 
(2017), Shannon et al. (2018) 
 Conflicting 
Weather (Cloudy)  Dabbour (2017)  Decrease 
Road Profile (Inclined)  Imprialou et al. (2016)  Increase 
Road Controls (Cautionary Signs)  Haleem and Abdel-Aty (2010), Yasmin and Eluru (2013)  Decrease 
Crash Dynamics 
Crash Type (Single Vehicle)  Gong and Fan (2017)  Increase 
Crash Type (Rear-End)  Jurewicz et al. (2016), Ranfagni et al. (2017), Shannon et al. (2018)  Decrease 
Crash Type (Head-on)  Richards and Cuerden (2010), Ranfagni et al. (2017)  Increase 
Crash Type (Turning Across Path)  Richards and Cuerden (2010), Ranfagni et al. (2017), Bareiss et al. (2019)  Increase 
Crash Type (Intersecting Paths)  Scanlon et al. (2015), Scanlon et al. (2017a), Bareiss et al. (2019)  Increase 
Crash Type (Backing Up)  Kim et al. (2010), Obeng (2011)  Decrease 
Current Vehicle Age  Kim et al. (2013), Yasmin et al. (2014a)  Increase 
Vehicle Type (SUVS/Vans/Trucks)  Lemp et al. (2011), Cerwick et al. (2014), Shannon et al. (2018)  Conflicting 
Pre-Crash Avoidance Manoeuvre 
(Braking to Avoid) 
 Ranfagni et al. (2017), Scanlon et al. (2017a)  Decrease 
Occupant Characteristics 
Age  
Abdel-Aty et al. (1998), Zhu and Srinivasan (2011), Seraneeprakarn et al. 
(2017), Carter et al. (2014), de Lapparent (2008), Xie et al. (2009) 
 Increase 
Weight  Zhu et al. (2006), Turkovich and van Roosmalen (2010)  Increase 
Gender (Male)  
Kim et al. (2013), Ulfarsson and Mannering (2004), Eluru et al. (2010), 
Shannon et al. (2020), Meng et al. (2017), Bogue et al. (2017) 
 Conflicting 
Height  Zhu and Srinivasan (2011)  Increase 
In-Vehicle Dynamics 
Drink Driver in Vehicle  Adanu and Jones (2017), Fountas et al. (2018a), Fountas et al. (2018b)  Increase 
Airbags Deployed In Vehicle  
Savolainen et al. (2011), Behnood et al. (2014), Mannering and Bhat 
(2014), Fountas et al. (2018a), Fountas et al. (2018b) 
 Increase 
Seatbelt Used  
Yasmin et al. (2014a), Jurewicz et al. (2016), Fountas et al. (2018a), 
Fountas et al. (2018b) 
 Decrease 
Seat Track (Rear)  Pack et al. (2006)  Decrease 
Seat Position (Backseat)  Atkinson et al. (2016)  Increase 
Table 1 – Overview of the independent variables used in our analysis along with their effect on injury severity, according to 





Our study uses two outcome variables to determine the severity of an incident. These signify the 
number of injuries suffered by individual occupants and the extent of the most severe injury suffered. 
The ‘most severe injury’ indicator is otherwise known as the Maximum Abbreviated Injury Scale 
(MAIS) and is measured on an ordinal scale between ‘1’ (minor) and ‘6’ (currently untreatable). An 
MAIS score of 3 or above is defined as a ‘serious traffic injury’. In an attempt to reduce the prevalence 
of these injury types, efforts have been undertaken to understand the main collision circumstances 
that lead to MAIS 3+ injuries (Aarts et al. 2016). As such, we use MAIS 3+ as the binary threshold to 
denote the probability of being involved in a serious crash.  
The nature of the dependent variables guides the approach of the models we use. We treat the 
‘number of injuries’ outcome as a continuous variable for the purposes of this analysis, rather than 
count data. As it is highly skewed (further described in §4.4.1), the ‘number of injuries’ is log-
transformed and therefore estimated using a log-linear regression model with maximum-likelihood 
(ML) estimation. ML estimation is particularly adept at capturing information where the continuous 
dependent variable is influenced by a mixture of binary and continuous regressors. Conventional 
approaches to count data include the use of a variety of Poisson-based models (Debrabant et al. 
2018), or Negative Binomial models for over-dispersed data (Rangel et al. 2013). These approaches 
have conventionally been used as they are based on integer-value data, and account for the bounding 
of count values at zero. However, given the large sample size (𝑁 = 2520), the fact that all data 
contains at least one injury (i.e. no observations fall on the bound of zero), and the number of injuries 
are widely dispersed (§4.5.1), adopting a log-linear approach is adequate. Furthermore, we adopt a 
bootstrapping approach to the log-linear regression to avoid heteroscedasticity and normality issues 
within the error terms. Nevertheless, an inherent limitation lies within our statistical approach as the 
final model outputs decimal values rather than integer values, resulting in imprecise predictions. As 
such, the results are to be treated as approximations rather than precise estimations. 
Meanwhile, a Bayesian Binary Probit regression model is used to discern the probability of an 
occupant sustaining an MAIS 3+ injury. A Bayesian Binary Probit approach serves as an alternative to 
ML estimation. It provides a credible range of estimates for the impact that collision factors have on 
the occurrence of serious or worse injuries. Bayesian estimates are typically made up of prior beliefs 
regarding the outcome and the likelihood of the outcome occurring. When combined, they form a 
posterior distribution providing credibility intervals within which the true estimate is expected to lie. 
We use non-informative, uniformly distributed priors to evaluate our Bayesian parameters so that we 
do not instil prior beliefs in the data. Since the posterior distribution is drawn from an uninformed 
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prior, there is a heavier reliance on the initial likelihood parameters to determine the posterior 
distribution. This results in a larger variance among the estimates. The ensuing Bayesian estimates 
therefore tend to, but do not exactly match, the maximum-likelihood estimates. The Markov Chain 
Monte Carlo (MCMC) Bayesian method is also implemented as it is particularly useful in evaluating 
posterior distributions in complex Bayesian models (Gelman et al. 2013). 
The use of these two model approaches additionally offers results with a mixture of statistical 
significance (i.e. unstandardised estimates, p-values) and practical significance (i.e. standardised 
estimates, effect sizes and confidence intervals). Considering both approaches has specific utility in 
the field of road traffic safety given the level of randomness and variability that is exceedingly difficult 
to capture in MVCs. 
4.4.1 Mediation Analysis 
4.4.1.1 Log-linear Regression 
The mediation analysis is set up by considering a standard linear regression model based on the 
maximum-likelihood estimates. In this case, the response variable 𝑌 is log-transformed and dictated 
by response effects 𝛽𝑗, where 𝑗 = 1, … , 𝑛 + 1. The resulting log-linear regression model follows: 
ln 𝑌 = 𝛽0 + 𝛽𝑗𝑥𝑗−1 +  𝜀ln 𝑌 (1) 
The regressors and errors for ln 𝑌 are represented as 𝑥𝑗−1 and 𝜀. Note that the generalised equation 
(1) uses 𝑗 − 1 as an index notation for each independent variable to ensure that the estimated 
variables in equation (4) and equation (5) conform in equation (7), despite equation (5) estimating 
one fewer predictor variable than equation (4). Furthermore, this notation ensures that the intercept 
is included in both equation (4) and equation (5). 𝑥0 represents the mediator ln(𝑑𝑒𝑙𝑡𝑎 − 𝑉), or 
ln 𝐷𝑉. In addition, the standardised effects are reported due to the difference in scales among the 
variables in the analysis. Including standardised effect sizes can be useful for comparing the relative 
magnitude of information captured by estimators in the sample. 𝑆𝑡𝑑 ln 𝑌(𝛽j) is used for binary 
independent variables and signifies the change in ln 𝑌 standard deviation units when an observation 
for 𝑥𝑗−1 changes by one unit. 𝑆𝑡𝑑 ln 𝑌𝑋(𝛽j), on the other hand, is used to report results pertaining to 
the response effects of a continuous variable, and is interpreted as the change in ln 𝑌 standard 
deviation units when an observation for 𝑥𝑗−1 changes one standard deviation. 









ln 𝑌 is partitioned into two perspectives – those defining the direct effects of the explanatory 
variables on the response variable relating to the number of injuries, and the effects of the predictor 
variables on the mediator, where the response variable is delta-V. The expanded 𝑛-factor effect 
models are stated as  
ln 𝑌 = 𝛽0 + 𝛽1 ln 𝐷𝑉 + 𝛽2𝑥1 + ⋯ + 𝛽𝑛𝑥𝑛−1 + 𝛽𝑛+1𝑥𝑛 + 𝜖ln 𝑌 (4) 
ln 𝐷𝑉 = 𝛾0 + 𝛾1𝑥1 + 𝛾2𝑥2 + ⋯ + 𝛾𝑛−1𝑥𝑛−1 + 𝛾𝑛𝑥𝑛 + 𝜖ln 𝐷𝑉 (5) 
Where 𝛽𝑗 denote the weights for each 𝑥𝑗−1 among the regression equation. Equation (4) is the direct 
effects model (equivalent to 𝐶′ in Figure 1), while equation (5) describes the relationship between 
crash factors and delta-V (equivalent to 𝐴 in Figure 1). Note that the mediator, delta-V, is included as 
a factor in the number of injuries measure ln 𝑌 (4). This can be considered as a typical regression 
model between dependent and independents, including the mediator. The residuals of ln 𝑌 are 
assumed to be uncorrelated with the residuals of the ln 𝐷𝑉 effect equation.  
The indirect effects are found by inserting the ln 𝐷𝑉-dependent direct effect equation in to ln 𝑌,  
          ln 𝑌 = 𝛽1(𝛾0 + 𝛾1𝑥1 + 𝛾2𝑥2 + ⋯ + 𝛾𝑛−1𝑥𝑛−1 + 𝛾𝑛𝑥𝑛 + 𝜖ln 𝐷𝑉) + ⋯ (6) 
Which when restated as a reduced form equation, the combined model of total effects (7) are a 
summation of indirect effects (6) and direct effects (4) 
ln 𝑌 = 𝛽0 + 𝛽1𝛾0 + (𝛽2 + 𝛽1𝛾1)𝑥1 + (𝛽3 + 𝛽1𝛾2)𝑥2 + ⋯ + (𝛽𝑛 + 𝛽1𝛾𝑛−1)𝑥𝑛−1 + (𝛽𝑛+1 + 𝛽1𝛾𝑛)𝑥𝑛 + 𝛽1𝜖ln 𝐷𝑉 + 𝜖ln 𝑌 (7) 
Equation 7 is equivalent to solving a simultaneous equation model made up of equation (4) and 
equation (5). As such, our mediation analysis can be also considered a simultaneous equation model 
(SEM). The bias-corrected bootstrapping method is used to calculate the standard errors of the 
effects in our model. While effect coefficients can be estimated by a single run of the ML-estimated 
log-linear model, 5000 random samples (with replacement) are also drawn from the data. The 
bootstrap estimates represent the mean estimate of the 5000 samples, along with a 90% degree of 
confidence of the possible range of the estimates (Efron and Tibshirani 1994). The bias-correction is a 
representation of the difference of the mean sample estimate and the original estimate from a single 
run of the log-linear model. The bias-corrected bootstrapping method proves robust to violations in 
model assumptions such as non-normality and heteroscedasticity, and reduces Type-1 error rates 
(Muthén et al. 2017).2 As discussed in §4.5.1, the ln 𝑌 outcome measure remains non-normal and so 
                                                          
2 In addition to bootstrapped estimates, all independent factors in the full-form model are co-varied. The model 
is therefore saturated and has no degrees of freedom remaining, so a 𝜒2 test of overall model fit is unavailable. 
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bias-corrected bootstrap estimates are required. Considering equation (6) shows that, for each 𝑥𝑗−1, 
the indirect effect of 𝑥𝑗−1 on ln 𝑌 is 𝛽1 × 𝛾j−1, and the direct effect is 𝛽j: 
𝐼𝑛𝑑𝑖𝑟𝑒𝑐𝑡: 𝛽1𝛾𝑗−1(𝑥𝑗−1(1) − 𝑥𝑗−1(0)) (8) 
𝐷𝑖𝑟𝑒𝑐𝑡: 𝛽𝑗(𝑥𝑗−1(1) − 𝑥𝑗−1(0)) (9) 
The 𝑥𝑗−1(0) value is the reference value to which the  𝑥𝑗−1(1) value is compared. We consider only 
binary and continuous variables in our analysis – there are no ordinal or nominal factors included. A 
binary 𝑥 results in a unit change from 0 to 1, while a continuous standardised 𝑥 indicates 
that 𝑥𝑗−1(0) = 0 and  𝑥𝑗−1(1) = 1 is a one standard deviation increase from the mean. 
4.4.1.2 Markov Chain Monte Carlo (MCMC) Bayesian Probit Regression 
The same set of regressors 𝑋 (a vector of 𝑥𝑗−1 independent variables where 𝑗 = 1, … , 𝑛 + 1) are 
assumed to influence the probability of occupant 𝑖 sustaining an MAIS 3+ injury, where the Binary 
Probit model takes the form 
Pr(𝑦𝑖 = 1|𝑋) = Φ(𝛽0 + 𝛽𝑗𝑥𝑖,𝑗−1) (10) 
𝑥𝑗−1 and 𝛽0 once again represent the regressors and regression effects, respectively. The cumulative 
distribution function of the standard normal distribution Φ does not exist in explicit form but can be 
estimated from the 𝑧-table. The binary outcome 𝑦 can be formulated using a continuous latent 
response variable 𝑦∗, where 
𝑦∗ = 𝛽0 + 𝛽𝑗𝑥𝑗−1 +  𝜀𝑦 (11) 
The variance of 𝑦∗, 𝜀𝑦, follows a standard normal distribution and is set equal to 1. 𝑥0 represents the 
continuous mediator, as in equation (1). 𝑦 is ascertained by setting a threshold parameter 𝜏 equal to 
0. When the response variable 𝑦∗ falls below 𝜏, 𝑦 = 0 is returned, and when 𝑦∗ exceeds the threshold 
parameter, 𝑦 = 1 is obtained, where 𝑦 = 1 indicates an MAIS 3+ injury. This relationship is referred 
to by Muthén et al. (2017) as 
Pr(𝑦𝑖 = 1|𝑋) = Pr(𝑦𝑖
∗ > 0|𝑋) = 1 − Pr(𝑦𝑖
∗ ≤ 0|𝑋) (12) 
Standardised estimates for 𝛽𝑗 are in line with linear regression. 𝑆𝑡𝑑𝑦
∗(𝛽j) is used for binary 
independent variables and signifies the change in 𝑦∗ standard deviation units when 𝑥𝑗−1 changes by 
one unit, whereas 𝑆𝑡𝑑𝑦∗𝑋(𝛽j) is used to report results pertaining to the response effects of a 
continuous variable, and is interpreted as the change in 𝑦∗ standard deviation units when 𝑥𝑗−1 











2𝑉(𝑥𝑗−1) + 1, where 𝑉(𝑥𝑗−1) is the variance of the independent variable in question. 
It should be emphasised that these effects are in the standardised 𝑦∗ metric and not the original 𝑦.  
As before, 𝑦∗ is partitioned into two perspectives – those defining the direct effects of the 
explanatory variables on the probability of sustaining a serious or worse injury, and the effects of the 
predictor variables on the mediator, where the response variable is delta-V. The expanded 𝑛-factor 
effect models are stated as  
𝑦∗ = 𝛽0 + 𝛽1 𝑙𝑛 𝐷𝑉 + 𝛽2𝑥1 + ⋯ + 𝛽𝑛𝑥𝑛−1 + 𝛽𝑛+1𝑥𝑛 + 𝜖𝑦 (15) 
ln 𝐷𝑉 = 𝛾0 + 𝛾1𝑥1 + 𝛾2𝑥2 + ⋯ + 𝛾𝑛−1𝑥𝑛−1 + 𝛾𝑛𝑥𝑛 + 𝜖𝑙𝑛 𝐷𝑉 (16) 
Where 𝛽𝑗 denote the weights for each 𝑥𝑗−1 among the regression equation. As before, equation (15) 
is the direct effects model (equivalent to 𝐶′ in Figure 1), while equation (16) describes the relationship 
between crash factors and delta-V (equivalent to 𝐴 in Figure 1). The mediator, delta-V, is once again 
included as a factor in the latent injury severity measure 𝑦∗. The variance of the residual of ln 𝐷𝑉 
(𝜖ln 𝐷𝑉) is 𝜎ln 𝐷𝑉
2 .  
The indirect effects are again found by inserting the ln 𝐷𝑉-dependent direct effect equation in to 𝑦∗,  
𝑦∗ = 𝛽0 + 𝛽1(𝛾0 + 𝛾1𝑥1 + 𝛾2𝑥2 + ⋯ + 𝛾𝑛−1𝑥𝑛−1 + 𝛾𝑛𝑥𝑛 + 𝜖ln 𝐷𝑉) + ⋯ + 𝛽𝑛+1𝑥𝑛 + 𝜖y∗ (17) 
Which when restated as a reduced form equation, the combined model of total effects (18) are a 
summation of indirect effects (17) and direct effects (15) 
𝑦∗ = 𝛽0 + 𝛽1𝛾0 + (𝛽2 + 𝛽1𝛾1)𝑥1 + (𝛽3 + 𝛽1𝛾2)𝑥2 + ⋯ + (𝛽𝑛 + 𝛽1𝛾𝑛−1)𝑥𝑛−1 + (𝛽𝑛+1 + 𝛽1𝛾𝑛)𝑥𝑛 + 𝛽1𝜖ln 𝐷𝑉 + 𝜖𝑦 (18) 
As before, solving for equation (18) is equivalent to an SEM made up of equation (15) and equation 
(16).3 Rather than reporting the bootstrap standard errors that are estimated using ML estimation, a 
90% credible interval is provided with the standardised sample estimates. 40,000 iterations are run to 
derive the mean and credible interval of the posterior distribution using MCMC Bayesian estimation. 
For the unstandardised estimates, the standard deviation of the posterior distribution is additionally 
provided along with the mean estimate and 90% credible interval.   
                                                          
3  Note that the conventional  𝑎 × 𝑏  product formula for an indirect effect is valid only for the underlying 
continuous latent response variable 𝑦∗ and not for the observed binary variable 
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4.5 Data Derivation and Description 
The data examined in this study is derived from the National Highway Traffic Safety Administration’s 
(NHTSA) National Automotive Sampling System Crashworthiness Data System (NASS-CDS) for the 
years 2010–2015, commissioned by the U.S. Department of Transportation. The establishment of 
NASS-CDS allowed for a combination of medical and engineering research, with the goal of promoting 
traffic safety and reducing the rate and extent of bodily injuries stemming from motor vehicle 
collisions (MVCs). NASS-CDS data includes police-reported MVCs in which at least one involved vehicle 
is towed away due to damage. A variety of factors influencing the outcome of the MVC is recorded, 
crash reconstructions are completed, and police records are examined. Thereafter, all injuries 
suffered by each occupant, including those suffering only minor injuries, are recorded using a 6-digit 
classifier along the Abbreviated Injury Scale (AIS). The six digits of the AIS classifies the injury suffered, 
the anatomical structure damaged and the area affected. A single digit adjoins the classifier, 
indicating the injury’s severity along a 6-level scale, ranging from ‘1’ (minor) to ‘6’ (currently 
untreatable). To combine the injuries recorded with the collision factors involved in the NASS-CDS 
data, the following steps are taken: 
1. Variables that may serve as predictive indicators of the severity of an incident are gathered. 
21 variables are chosen, comprising the delta-V of the collision, ‘Road Surface Conditions’, 
‘Lighting Conditions’, ‘Weather Conditions’, ‘Road Profile’, ‘Road Controls’, ‘Crash Type’, 
‘Current Age of Vehicle’, ‘Vehicle Weight’, ‘Vehicle Type’, ‘Pre-Crash Avoidance Manoeuvre’, 
‘Occupant Age, Weight, Gender, and Height’, ‘Drink Driver in Vehicle’, ‘Evidence of Seatbelt 
Use’, ‘Seat-track Position’, ‘Multiple Airbags Deployed in the Vehicle’, and ‘Occupant Position 
in Vehicle’. Most categorical variables contain multiple levels; for example, there are 7 
varieties of collision types included within Crash Type. Each level of a multi-category variable 
is included as a separate binary variable. This results in a total of 46 independent variables 
being subject to examination within the sample, of which 10 act as control variables. 
2. Collision factors for each vehicle in the incident are assigned a unique Case Number ID by 
collating a number of parameters. This involved concatenating the year in which the case was 
recorded, the sampling location (PSU), the stratification category describing the damage 
sustained in the MVC (STRATIF), the case number corresponding to each sampling location 
(CASENO), and the vehicle number for each case (VEHNO). Thereafter, occupants can be 
connected with any given incident by additionally concatenating the occupant number for 
each vehicle. The latter step allows all injuries suffered by each individual to be associated 
with crash factors directly.  
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Although the database is extensive, for the purpose of this analysis, emphasis is placed on cases 
where all injury, collision, and occupant details are available – cases with missing information are 
removed prior to examination.  In addition, only cases with accurate delta-V reconstructions are 
retained. This filtration process results in a final sample size of 𝑁 = 2520 cases. 
4.5.1 Exploratory Data Analysis 
A number of variables treated as continuous in this analysis are highly skewed. Therefore, they are 
log-transformed to mitigate bias (Figure 2). Most factors follow a normal distribution following log-
transformation, however both the ‘occupant age’ and ‘number of injuries’ variables remain skewed. 
Although ML estimates are robust to non-normal distributions, we nevertheless ameliorate the non-
normality issue using the bias-correction bootstrap measures described in §4.4.1 (Muthén et al. 
2017). Summary statistics for the variables in our study are presented in Table 2. The minimum and 
maximum associated with each continuous variable is provided using the ‘Range’ figure. The number 
of injuries suffered per recorded occupant ranges from 1 – 34. The median number of injuries per 
recorded occupant is 3, and has an interquartile range (difference between 25th and 75th percentile) 
of 4. The log-transformed measure has a mean of 0.99 and a standard deviation of 0.77. MAIS3+ 
injuries make up 216 (8.6%) of the observations. The original delta-V values range from 4 – 96km/h, 
with median 24km/h and interquartile range 15km/h. The log-transformed delta-V values range from 
1.39 – 4.57, with mean 3.19 and standard deviation 0.46. Both occupant age and vehicle weight are 
also logarithmically-transformed to attain normality. Occupant ages range from 1 – 94 years prior to 
transformation with a median age of 35 and interquartile range of 32 years. The values correspond to 
log-transformed values ranging between 0 – 4.54, with mean 3.49 and standard deviation 0.66. 
Vehicle curb weights (i.e. the weight of the vehicle without occupants and cargo) range between 630 
– 4310 kilograms, with median 1550kg and interquartile range 430kg. Following transformation, the 
vehicle weights range from 6.45 – 8.37, with mean 7.37 and standard deviation 0.21. The remaining 
continuous and non-binary discrete variables are analysed in their raw form.  
The ‘current’ age of the vehicles (measured from 2019) range from 4 – 19. This parameter is included 
as a proxy variable to accounts for the increase in safety measures in vehicles since the 1990s (Griffin 
et al. 2018). The average weight and height of injured casualties in the sample are 75.6kg and 167cm, 
respectively. Almost 59% of the sample are females, indicating a bias toward female representation. A 
large majority wore their seatbelt (79.5%). Almost 5% of collisions had drivers under the influence of 
alcohol. A sizeable portion of crashes had multiple airbags deploy in the vehicle (13%). Backseat 
passengers, who make up over 10% of the sample, only have access to 2 airbags (curtain and torso), 
while front seat passengers (20%) and drivers (70%) have access to 4 (steering wheel/dashboard, 
knee, torso, and curtain).  
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Most of the incidents occurred in clear (75%) and dry conditions (81%) during daylight hours (68%). 
These three variables represent controls for their respective binary classifications. As such, relatively 
few incidents occurred in adverse environmental conditions. A relatively high number of incidents 
occurred in roads with a gradient steeper than 0.5% – uphill and downhill crashes make up almost 
29% of the sample. Over 47% of the incidents occurred near traffic signals or cautionary signs.  
Most occupants incurred their injuries in automobiles (67%); however, a sizeable portion collided in 
SUVs (20%) and light trucks or vans (12%). A large portion of collisions in this sample involve vehicles 
that turned across the path of another vehicle, or were turned into (38%). Nevertheless, to gain an 
insight in to the dichotomous relationship between rear-end collisions and other crash types, read-
end collisions serve as the control for crash types (14.5%). The remaining crash types are well-
represented – single vehicle collisions in which the vehicle diverted off-road or struck an object (14%), 
head-on collisions (9.5%), vehicles struck directly from the side (12%) and vehicles striking directly 
from the side (11%) are also subject to analysis. More occupants tend to have their seat set further 
back (49%) from the default centre position (29%) than those who set their set further forward (15%). 
Seats set to their centre position act as the control. A high number of collisions involve drivers that 
attempted to brake to avoid an incident (28%), while a smaller number attempted to accelerate or 
swerve to avoid (11%). No recorded manoeuvre (61%) acts as the control. 
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Figure 2 – A selection of variables transformed for the purposes of this analysis. Note that the transformed ‘Occupant Age’ 
and 'Number of Injuries' measure do not result in a normal distribution. However, the bootstrapped bias-corrections to the 














Number of Injuries (Ln) (Original)  Range of 0 – 3.53 (Range of 1 – 34)  –  0.99 (3)  0.77 (4) 
Serious or Worse (MAIS 3+) Injury  Yes 1, No 0  216  –  – 
Mediator Variable 
delta-V (Ln) (Original in km/h)  Range of 1.39 – 4.57 (Range of 4 – 96)  –  3.19 (24)  0.46 (15) 
Environmental Factors 
Surface Conditions  Dry 1, No 0  2048  –  – 
  Wet 1, No 0  369  –  – 
  Snowy or Icy 1, No 0  103  –  – 
Lighting  Daylight 1, No 0  1710  –  – 
  Dark 1, No 0  810  –  – 
Weather  Clear 1, No 0  1899  –  – 
  Cloudy 1, No 0  319  –  – 
  Rain, Snow, Smoke or Fog 1, No 0  302  –  – 
Road Profile  Level Ground 1, No 0  1791  –  – 
  Uphill 1, No 0  350  –  – 
  Downhill 1, No 0  379  –  – 
Road Controls  No Control Signals 1, No 0  1327  –  – 
  Traffic Signal 1, No 0  962  –  – 
  Stop/Yield 1, No 0  196  –  – 
  Other Regulation Signs 1, No 0  35  –  – 
Crash Factors 
Crash Type  Single Vehicle Collision (Off-road/Object) 1, No 0  361  –  – 
  Rear-end Collision 1, No 0  366  –  – 
  Head-on Collision 1, No 0  241  –  – 
  Turning Across Path Collision 1, No 0  957  –  – 
  Intersecting Paths Striking Vehicle 1, No 0  287  –  – 
  Intersecting Paths Struck Vehicle 1, No 0  304     
  Backing Up 1, No 0  4  –  – 
Current Vehicle Age (years)  Range of 4 – 19  –  12.56  3.36 
Vehicle Weight (Ln) (Original in kg)  Range of 6.45 – 8.37 (Range of 630 – 4310)  –   7.37 (1550)  0.21 (430) 
Vehicle Type  Automobile 1, No 0  1696  –  – 
  SUV 1, No 0  516  –  – 
  Vans or Light Trucks 1, No 0  308  –  – 
Pre-Crash Avoidance Manoeuvre  No Manoeuvre to Avoid 1, No 0  1536  –  – 
  Brake to Avoid 1, No 0  708  –  – 
  Accelerate or Swerve to Avoid 1, No 0  276  –  – 
Occupant Characteristics 
Age (Ln) (Original in years)  Range of 0 – 4.54 (Range of 1 – 94)  –  3.49 (35)  0.66 (32) 
Weight (kg)  Range of 6 – 150   –  75.63  23.29 
Gender  Female 1, Male 0  1478  –  – 
Height (cm)  Range of 45 – 201  –  166.74  16.98 
In-Vehicle Dynamics 
Drink Driver in Vehicle  Yes 1, No 0  124  –  – 
Seatbelt Used  Yes 1, No 0  2003  –  – 
Seat Track  Front-most Track Position 1, No 0  98  –  – 
  Between Front and Middle 1, No 0  280  –  – 
  Middle or Non-Adjustable Seat Track 1, No 0  656  –  – 
  Between Middle and Rear 1, No 0  625  –  – 
  Rear-most Track Position 1, No 0  609  –  – 
Multiple Airbags Deployed in Vehicle  Yes 1, No 0  336  –  – 
Seat Position  Driver 1, No 0  1764  –  – 
  Passenger 1, No 0  495  –  – 
  Backseat 1, No 0  261  –  – 
Table 2 – Summary statistics for the crash factors included in the analysis, as well as the severity metrics that serve as the 
outcome variables. The original range, median and interquartile range (describing the difference between the 25th and 75th 





Standardised results that detail the relationship between collision factors, delta-V and injury severity 
are available in Table 3 and Table 4. Relationships must be established or theorised between all 3 
components of a mediation analysis (Independents, Mediator, and Outcome) for the effects in Table 3 
and Table 4 to be interpretable. These relationships are summarised in Table A1. As outlined in 
§4.4.1.1, standardised effects are included in our analysis due to a difference in scales among the 
independent variables. For example, while the standard deviation of the ‘occupant weight’ variable is 
23.29kg, the standard deviation of ‘current vehicle age’ is 3.36 years. Standardised reporting allows 
for the contribution of an occupant’s weight to be reliably compared against the contribution of a 
vehicle’s age. However, while standardised estimates can be used to compare the relative 
contributions of different variables among the dataset, they cannot be used to infer practical 
predictions based on the results of the model. To estimate predictions for the average expected 
output after providing a set of inputs, the unstandardised raw estimates must also be reported. These 
unstandardised results are equivalent to regression effects and are presented and discussed in §4.6.2. 
§4.6.2 focuses on the direct effects model, which is a regression model describing the relationships 
between crash factors (including delta-V) and the injury severity measures. 
4.6.1 Standardised Mediation Estimates 
4.6.1.1 Full Model 
Applying the mediation analysis approach discussed in §4.4.1 produces results that are detailed in 
Table 3. Table 3 partitions the total effects of crash factors on the log-transformed number of injuries 
in to direct effects and indirect effects (through delta-V). Standardised effects allow for the 
prominence of each collision factor to be compared against other collision factors, ultimately 
indicating the factors that play in the largest role in influencing injury severity on a standardised scale. 
The direct effects signify the relative magnitude of the estimates borne from an ML log-linear 
regression on the outcome measure when all factors are included, including the mediator. The total 
effects signify the same model when the mediator is excluded. As such, the indirect effect estimates 
signify the extent to which delta-V plays a role between predictor and outcome. Since delta-V and the 
outcome variables share a positive association (higher delta-V leads to higher injury severity), the sign 
of the indirect effects indicates the association between delta-V and each collision factor. The 
corresponding effect sizes for MAIS 3+ injuries are based on Bayesian Binary Probit estimates using 
Markov Chain Monte Carlo sampling, rather than ML log-linear estimates. The significant direct effect 
results are the effects to be mediated according to the Baron and Kenny (1986) approach. However, 
we also follow the direction of Zhao et al. (2010), who argue that significant total effects do not need 
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to be present in order for mediation to occur. The relationship between the two outcome measures 
are also presented in Table 3 and Table 4 using Pearson’s product-moment correlation estimate. The 
mediation results in Table 3 detail the standardised effects of all collision factors considered in the 
study. Table 4 details the standardised effects for collision factors that presented as significantly 
influencing injury severity either directly or indirectly in Table 3. A number of effect sizes in Table 3 
and Table 4 approach 0.1. While these effect sizes do not reach the threshold to be considered as 
‘small’ but notable (Cohen 1992), the effects are non-negligible and are nevertheless reported as 
approaching small effect sizes.  
The severity measures are highly correlated with one another according to the point-biserial 
correlation coefficient (𝑟𝑏=0.718). Furthermore, Table 3 indicates that delta-V plays a predominant 
role in the severity of MVCs, as both injury severity measures report standardised effects (0.323 and 
0.234, respectively) that approach moderate- to medium-sized effects (Cohen 1992). This confirms 
prior research that finds a positive relationship between delta-V and injury severity (Richards and 
Cuerden 2010, Shelby 2011), and positive significant relationship between MAIS 3+ injuries and delta-
V (Bahouth et al. 2014, Jurewicz et al. 2016). Based on the extent of the effect sizes, the collision 
factors that contribute the most to injury severity on a standardised scale are occupant age, seatbelt 
use, multiple airbag deployments, single-vehicle collisions and head-on collisions. 
To achieve model parsimony, we remove a number of collision factors from the analysis. The results 
in Table 3 guide the reduced model, where statistically irrelevant features are removed and the 
models are repeated. Statistically irrelevant features include collision factors that do not have 
significant direct or total effect on injury severity. This includes a number of relationships that only 
present as having a significant indirect effect. This signifies that the collision factor has a significant 




Number of Injuries (Ln) Serious or Worse (MAIS 3+) Injury 
Pearson product-moment correlation coefficient between injury severity measures  = 0.718 
Direct (SE) Indirect (SE) Total (SE) Direct [90% CI] Indirect [90% CI] Total [90% CI] 
Model Fit AIC: 1480.00, BIC: 1502.67 DIC: 1018.54, posterior predictive p (PPP): 0.83 
delta-V (Ln) 323 (.019)*** – – .234 [.204, .267]† – – 
Environmental Factors 
Dry Road (Control) 
Wet Road -.002 (.027) -.003 (.009) -.005 (.029) -.028 [-.074, .019] -.002 [-.015, .010] -.030 [-.079, .018] 
Snowy or Icy Road -.022 (.024) 0 (.008) -.022 (.025) -.021 [-.053, .016] 0 [-.010, .010] -.021 [-.055, .017] 
Daylight (Control) 
Darkness -.040 (.019)** .029 (.007)*** -.012 (.021) .049 [.017, .080]† .021 [.014, .028]† .070 [.038, .101]† 
Clear Conditions (Control) 
Cloudy Conditions .019 (.019) .012 (.007) .031 (.021) .042 [.011, .072]† .009 [0, .017]† .050 [.019, .083]† 
Rain, Snow or Fog -.008 (.029) .002 (.01) -.006 (.030) .040 [-.008, .089] .002 [-.011, .015] .043 [-.010, .092] 
Level Ground (Control) 
Uphill .018 (.018) .002 (.006) .020 (.019) .011 [-.021, .045] .001 [-.006, .008] .013 [-.022, .048] 
Downhill 0 (.018) .013 (.006)** .013 (.020) .010 [-.022, .044] .009 [.002, .017]† .019 [-.013, .054] 
No Controls / Other (Control) 
Traffic Signals -.018 (.021) .009 (.007) -.009 (.021) -.013 [-.047, .026] .006 [-.002, .015] -.007 [-.043, .033] 
Stop Yield Signs -.002 (.02) .01 (.007) .008 (.021) .015 [-.020, .049] .007 [-.001, .016] .022 [-.012, .059] 
Other Regulation Signs .009 (.015) -.005 (.006) .004 (.016) .018 [-.011, .050] -.003 [-.011, .004] .015 [-.014, .045] 
Crash Factors 
Single Vehicle Collision .171 (.026)*** .036 (.010)*** .207 (.027)*** .109 [.067, .147]† .027 [.016, .038]† .136 [.095, .173]† 
Rear-end Collision (Control) 
Head-on Collision .160 (.022)*** .062 (.009)*** .223 (.024)*** .076 [.038, .114]† .046 [.035, .057]† .122 [.084, .162]† 
Turning Across Path .093 (.027)*** -.020 (.009)*** .073 (.028)*** .027 [-.021, .073] -.014 [-.025, -.004]† .013 [-.036, .058] 
Intersecting Path – Striking Vehicle .018 (.023) -.019 (.008)** -.002 (.024) -.014 [-.054, .022] -.013 [-.022, -.005]† -.028 [-.068, .010] 
Intersecting Path – Struck Vehicle .127 (.023)*** -.050 (.009)*** .077 (.024)*** .076 [.034, .119]† -.036 [-.047, -.027]† .04 [-.001, .083] 
Backing Up 0 (.016) -.009 (.005)*** -.009 (.019) .002 [-.028, .032] -.005 [-.013, .001] -.004 [-.034, .026] 
Current Vehicle Age -.002 (.019) -.007 (.006) -.008 (.02) .026 [-.004, .057] -.006 [-.014, .001] .020 [-.010, .051] 
Vehicle Weight (Ln) .015 (.024) -.070 (.009)*** -.055 (.025)** -.028 [-.070, .017] -.050 [-.063, -.039]† -.079 [-.121, -.034]† 
Automobile (Control) 
SUV -.018 (.020) .012 (.007) -.006 (.021) -.026 [-.066, .012] .010 [.001, .019]† -.016 [-.057, .022] 
Light Trucks & Vans -.038 (.022) .013 (.008) -.026 (.024) -.017 [-.055, .02] .008 [-.002, .017] -.009 [-.048, .029] 
No Avoidance Manoeuvre (Control) 
Brake to Avoid -.038 (.019)** -.028 (.006)*** -.065 (.020)*** -.016 [-.051, .023] -.020 [-.029, -.013]† -.036 [-.073, .003] 
Accelerate / Swerve to Avoid .007 (.019) -.023 (.007)*** -.015 (.020) -.015 [-.044, .019] -.017 [-.026, -.01]† -.033 [-.063, -.001]† 
Occupant Characteristics 
Age (Ln) .153 (.025)*** -.015 (.008)** .138 (.026)*** .186 [.146, .229]† -.011 [-.021, -.001]† .175 [.134, .217]† 
Weight  .091 (.023)*** -.006 (.008) .085 (.025)*** -.007 [-.045, .034] -.004 [-.013, .006] -.011 [-.050, .028] 
Gender .111 (.021)*** -.027 (.007)*** .083 (.022)*** -.020 [-.055, .017] -.019 [-.028, -.010]† -.039 [-.077, -.001]† 
Height -.068 (.027)** -.007 (.008) -.075 (.028)*** -.100 [-.142, -.054]† -.004 [-.015, .008] -.105 [-.147, -.06]† 
In-Vehicle Dynamics 
Driver DUI .051 (.022)** .031 (.008)*** .082 (.023)*** .069 [.035, .101]† .021 [.013, .030]† .091 [.056, .123]† 
Seatbelt Used -.074 (.019)*** -.016 (.006)*** -.090 (.020)*** -.130 [-.162, -.099]† -.012 [-.019, -.005]† -.142 [-.174, -.111]† 
Seat at Front Track Position -.004 (.018) .016 (.007)** .012 (.019) .021 [-.008, .051] .012 [.005, .020]† .033 [.004, .063]† 
Seat in Front – Mid Position -.01 (.02) .004 (.007) -.005 (.021) -.032 [-.063, .002] .003 [-.005, .011] -.028 [-.062, .006] 
Seat in Mid / Unadjusted (Control) 
Seat in Mid – Rear Position .015 (.021) -.012 (.007) .003 (.022) -.017 [-.055, .017] -.008 [-.016, .001] -.025 [-.062, .010] 
Seat in Rear Track Position .005 (.021) -.015 (.007)** -.010 (.022) -.014 [-.054, .022] -.011 [-.018, -.002]† -.024 [-.065, .013] 
Multiple Airbags Deployed .122 (.020)*** .030 (.006)*** .152 (.020)*** .031 [.001, .059]† .022 [.014, .030]† .053 [.022, .082]† 
Occupant in Driver Seat (Control) 
Occupant In Passenger Seat -.026 (.018) -.004 (.006) -.031 (.019) -.008 [-.044, .026] -.003 [-.010, .004] -.012 [-.046, .023] 
Occupants in Backseat .036 (.027) -.023 (.008)*** .013 (.027) .038 [-.004, .084] -.017 [-.026, -.007]† .022 [-.021, .067] 
Table 3 – Mediation analysis results detailing significant (left) maximum likelihood log-linear effects, and (right) Markov 
Chain Monte Carlo (MCMC) Bayesian Binary Probit effects. Bias-corrected and standardised direct, indirect and total effect 
sizes are provided that describe relationships between crash factors and (left) the number of injuries suffered through the 
mediator, delta-V, and (right) the probability of suffering an MAIS 3+ injury through the mediator, delta-V. Note that the 
standard errors are in parentheses, while 90% confidence interval estimates are in brackets. The unstandardised regression 
estimates can be found in Table A2. 
*** Indicates 1% Significance Level, ** Indicates 5% Significance Level 
† Indicates Bayesian 90% Confidence interval that does not contain 0  
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4.6.1.2 Reduced Model 
The reduced-form model (Table 4) is generated using the relationships that are identified as 
significant in the full-form model (Table 3). The reduced-form model provides a better fit than the 
full-form model for both the log-transformed ‘number of injuries’ indicator, and the ‘serious or worse 
injury’ indicator. This is evidenced by the lower AIC (685.71 vs. 1480.00) and BIC (692.78 vs. 1502.67) 
for the number of injuries severity measure, and the lower DIC (586.29 vs. 1018.54) for the MAIS3+ 
measure. Furthermore, the posterior predictive p (PPP) measure can assess the adequacy of the 
Bayesian probit model. This is a recommended test of model fit for Bayesian methodologies, where 
replicated data simulated from the fitted model are compared to the observed data4 (Gelman et al. 
2013). Our posterior predictive p-value is 0.4. This indicates that the model-simulated observations 
generally lie within the original observations, but slightly under-represent the number of serious 
injuries that are to be expected. A PPP of 0.4 nevertheless indicates a favourable model fit. However, 
there exists an implicit bias given that the adequacy of the model fit is assessed using simulations 
derived from the model itself. To allay this issue and further explore the adequacy of this model, we 
subject the parameters to out-of-sample testing in §4.7.1.  
Similar to the findings in Table 3, delta-V also plays the predominant role in the severity of MVCs in 
the reduced-form model. Both injury severity measures report standardised effects over 0.2. Partially-
mediated relationships are prevalent throughout the results. Partial mediation stipulates that even 
though including delta-V weakens the relationship between the independent variable and the severity 
of the incident (due to a significant indirect relationship), their direct and total effects remain 
significantly different from zero (0) after controlling for delta-V. Cloudy conditions result in a higher 
rate of MAIS 3+ injuries than collisions in clear conditions, with and without the consideration of 
delta-V. Single vehicle collisions and head-on collisions are also typically more severe than rear-end 
collisions, regardless of delta-V. Similar relationships are found for multiple airbag deployments within 
the vehicle (injury frequency), and driver DUIs. On the other hand, wearing a seatbelt at the time of 
the collision decreases the severity of injuries even after accounting for delta-V, as does an increased 
vehicle weight. Braking to avoid an incident reduces the number of injuries sustained, but has little 
influence on the probability of sustaining an MAIS 3+ injury. 
Competitively mediated relationships are evident for occupant age and gender, and some collision 
types. This is signified by direct and indirect effects that have opposing signs. These factors share a 
significant negative association with delta-V, but have varying influences on the nature of the injuries 
                                                          
4 The PPP represents the ability of the model to accurately simulate observations using the fitted parameters. 
When compared to the original data, these simulations should have a similar ratio of 'MAIS3+ injury' outcome 
events. An optimal PPP is 0.5, indicating that 50% of the simulations are greater than the estimates, and 50% are 
lower. In other words, a PPP of 0.5 indicates a perfect scatter among the original observations. 
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suffered. Older occupants are involved in incidents with lower delta-Vs but are still subject to both an 
increased number and severity of injuries. Females tend to incur a higher number of injuries relative 
to males, but their association with MAIS3+ injuries is fully mediated by delta-V. This is indicated by 
the non-significant direct effect (-0.026) on ‘serious or worse’ injury, and significant indirect (-0.015) 
and total effects (-0.041). Collisions in which vehicles turns across the path of another vehicle, and 
collisions in which vehicles are struck directly from the side share a negative association with delta-V, 
but nevertheless result in increased injury severities.  
 
Number of Injuries (Ln) Serious or Worse (MAIS 3+) Injury 
Pearson product-moment correlation coefficient between injury severity measures  = 0.718 
Direct (SE) Indirect (SE) Total (SE) Direct [90% CI] Indirect [90% CI] Total [90% CI] 
Model Fit AIC: 685.71, BIC: 692.78 DIC: 586.29, posterior predictive p (PPP): 0.40 
delta-V (Ln) .318 (.019)*** – – .212 [.181, .245]† – – 
Environmental Factors 
Daylight (Control) 
Darkness -.044 (.019)** .028 (.007)*** -.016 (.020) .018 [-.012, .049] .019 [.012, .027]† .037 [.007, .069]† 
Clear Conditions (Control) 
Cloudy Conditions – .011 (.006) – .065 [.033, .099]† .008 [.002, .015]† .073 [.039, .108]† 
Level Ground (Control) 
Downhill – .012 (.006)** – – .008 [.002, .015]† – 
Crash Factors 
Single Vehicle Collision .165 (.023)*** .034 (.009)*** .200 (.024)*** .095 [.062, .127]† .023 [.013, .033]† .118 [.084, .151]† 
Rear-end Collision (Control) 
Head-on Collision .152 (.020)*** .061 (.008)*** .214 (.022)*** .076 [.043, .103]† .041 [.031, .053]† .117 [.083, .145]† 
Turning Across Path .078 (.021)*** -.016 (.008) .062 (.023)*** – -.009 [-.021, 0]† – 
Intersecting Path – Striking Vehicle – -.017 (.007)** – – -.011 [-.020, -.003]† – 
Intersecting Path – Struck Vehicle .115 (.020)*** -.045 (.008)*** .069 (.021)*** .092 [.059, .121]† -.029 [-.039, -.020]† .063 [.026, .092]† 
Backing Up – -.009 (.004)*** – – – – 
Vehicle Weight (Ln) -.012 (.018) -.061 (.008)*** -.072 (.019)*** -.054 [-.085, -.023]† -.040 [-.051, -.031]† -.094 [-.127, -.065]† 
Automobile (Control) 
SUV – .006 (.006) – – .004 [-.002, .012] – 
No Avoidance Manoeuvre (Control) 
Brake to Avoid -.041 (.018)** -.029 (.006)*** -.070 (.019)*** – -.020 [-.027, -.013]† – 
Accelerate / Swerve to Avoid – -.024 (.007)*** – .014 [-.022, .052] -.015 [-.022, -.008]† -.001 [-.036, .039] 
Occupant Characteristics 
Age (Ln) .141 (.023)*** -.019 (.007)*** .122 (.024)*** .165 [.130, .206]† -.012 [-.020, -.005]† .153 [.113, .195]† 
Weight  .087 (.023)*** – – – – – 
Gender .105 (.020)*** -.022 (.006)*** .083 (.021)*** -.026 [-.057, .014] -.015 [-.022, -.008]† -.041 [-.072, -.003]† 
Height -.075 (.025)*** – – -.100 [-.149, -.062]† – – 
In-Vehicle Dynamics 
Driver DUI .055 (.021)*** .030 (.008)*** .085 (.023)*** .067 [.038, .103]† .021 [.013, .029]† .089 [.059, .122]† 
Seatbelt Used -.080 (.019)*** -.014 (.006)** -.094 (.020)*** -.132 [-.163, -.106]† -.008 [-.016, -.002]† -.140 [-.171, -.113]† 
Seat at Front Track Position – .018 (.006)*** – .019 [-.009, .049] .012 [.004, .019]† .032 [.001, .061]† 
Seat in Mid / Unadjusted (Control) 
Seat in Rear Track Position – -.012 (.006)** – – -.007 [-.014, -.001]† – 
Multiple Airbags Deployed .125 (.018)*** .030 (.006)*** .155 (.019)*** .023 [-.009, .053] .022 [.015, .029]† .045 [.015, .076]† 
Occupant in Driver Seat (Control) 
Occupants in Backseat – -.017 (.007)** – – -.010 [-.017, -.003]† – 
Table 4 – Mediation analysis results detailing the significant collision factors found in Table 3. These results detail (left) 
maximum likelihood log-linear effects, and (right) Markov Chain Monte Carlo (MCMC) Bayesian Binary Probit effects. Bias-
corrected and standardised direct, indirect and total effect sizes are provided that describe relationships between crash 
factors and (left) the number of injuries suffered through the mediator, delta-V, and (right) the probability of suffering an 
MAIS 3+ injury through the mediator, delta-V. Note that the standard errors are in parentheses, while 90% confidence 
interval estimates are in brackets.  
*** Indicates 1% Significance Level, ** Indicates 5% Significance Level 
† Indicates Bayesian 90% Confidence interval that does not contain 
Contrasting results are also found for MVCs that occur in the dark. Collisions under these conditions 
tend to increase the likelihood of suffering an MAIS 3+ injury, however, this is mostly explained by 
influence of delta-V. There is also evidence of competitive mediation between dark conditions and 
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the number of injuries suffered. In this case, the negative relationship between injury frequency and 
dark conditions (direct effect = -0.044, S.E. = 0.019) is offset by the positive relationship between dark 
conditions and delta-V (indirect effect = 0.028, S.E. = 0.007). Two conclusions can be drawn from this 
– these conditions tend to result in fewer injuries, even though these collisions tend to occur with 
higher impact velocities. Given that the combined effect (-0.016, S.E. = 0.020) of direct and indirect 
effects are insignificant, neglecting to include delta-V in the model would have allowed these 
relationships to go unconsidered. The contrasting results found for dark conditions and their impact 
on injury severity is particularly notable given the strong positive correlation number of injuries and 
MAIS 3+ injuries. Further studies must explore and clarify this phenomenon.  
The results indicate that although higher vehicle curb weights result in lower-severity injuries, the 
relationship between vehicle weight and injury frequency is fully mediated by the delta-V of the crash. 
The standardised total effect of the log-transformed vehicle weight (-0.072) is highly significant. 
However, the direct effect is insignificant (-0.012), and the indirect effect is significant (-0.061). This 
suggests that delta-V has a mitigating effect on vehicle curb weight, and that delta-V explains much of 
the variance that was previously explained by the weight of the vehicle. In other words, rather than 
indicating that larger vehicles incur fewer injuries, the combination of direct and indirect effects 
indicates that an increased vehicle weight results in fewer injuries because they are involved in 
incidents with lower impact velocities. Full mediation is also present for airbag deployment and MAIS 
3+ injury likelihood, which indicates that the speed of the collision is the main reason that multiple 
airbags being deployed results in more severe injuries. However, some personal traits have an effect 
on the severity of injuries, but are unrelated to the delta-V of the collisions. While occupant height is 
largely associated with decreased injury severities (direct effect = -0.075 for log-transformed number 
of injuries, -0.100 for MAIS 3+ injuries), these relationships are unmediated by delta-V. On the other 
hand, heavier occupants tend to incur a higher number of injuries (direct effect = 0.087); an effect 
that is unmediated by delta-V. 
4.6.2 Reduced Model Regression Estimates 
As explained previously, the standardised estimates (Table 4) are used as comparative measures to 
identify the most influential collision factors on injury severity regardless of their initial magnitude. 
The estimates in Table 5 detail the unstandardised form of the direct effects from Table 45. These 
estimates are akin to log-linear regression estimates, and allow for predictions to be made on 
expected injury severity for given crash scenarios. In accordance with expectations, all significant 
direct relationships in Table 4 are also significant in Table 5. The results indicate that when all collision 
                                                          
5 As a reference point, the unstandardised form of the direct effects from Table 3 are available in Table A2. 
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factors are set to 0, the expected range of the number of injuries suffered with 90% confidence is 
[0.2, 1.3], with a base estimate of 0.5. This estimate is not statistically significant, and is determined 







Delta-V plays a significant role in determining the elasticity of injury frequencies. For each percentage 
increase in delta-V, the estimate for the base number of injuries increases by 0.535%. The associated 
90% Confidence Interval is [0.481%, 0.586%]. Anthropometric indicators such as age, weight and 
height also remain highly significant in determining the frequency of injuries. A percentage increase in 
the age of the occupant increases number of injuries by 0.164%, within a 90% CI of [0.121%, 0.209%], 
while each additional kilogram of weight tends to increase the injury measure by 0.3% (CI = [0.2%, 
0.4%]). However, the height of the occupant decreases the log-transformed injury frequency measure 
by 0.3% (CI = [-0.5%, -0.2%]), on average.  
The remaining variables are binary predictors. Since the dependent variable has been log-
transformed, the geometric mean deviations (𝑒𝛽𝑗 − 1) are reported rather than the raw 𝛽𝑗 changes 
in mean. The results confirm previous findings on the relative safety of seatbelt use, and the relative 
danger of driver DUIs (World Health Organization 2018). Wearing a seatbelt results in fewer injuries 
([𝑒−0.152 − 1] = 14%, 90% CI = [-19.1%, -8.7%]), while incidents in which the driver of the vehicle is 
under the influence of alcohol increases the expected number of injuries by almost 22% (90% CI = 
[7.2%, 38.1%]). Also identified as highly significant are multiple airbag deployments within the vehicle, 
which increases the expected number of injuries by almost 33% (CI = [24.1%, 42.5%]). Although airbag 
deployments increase the extent of injuries regardless of delta-V, the significant indirect effect in 
Table 4 means the total effect can be partially reasoned. Rather than being detrimental to occupants, 
the deployment of multiple airbags within the vehicle serves as a proxy for the overall severity of the 
incident. A high level of longitudinal delta-V is required to activate multiple airbags, which would 
require a high level of crash energy and therefore, a higher risk of injury (Savolainen and Ghosh 2008). 
This is particularly evident for its effect on MAIS 3+ injuries, which is fully mediated (or explained) by 
delta-V. 
Relative to rear-end collisions, certain collision types significantly increase the likelihood of suffering 
more injuries. Single vehicle collisions (+43.9%), head-on collisions (+49.2%), vehicles struck directly 
from the side (+31.3%) and vehicles turning across the path of another vehicle (+13.3%) all contribute 
to an expected increase in injuries. Braking to avoid an incident reduces the expected number of 
injuries by 6.7% with a 90% CI of [-1.8%, -11.4%], when compared to collisions where no manoeuvre 
was made to avoid an oncoming incident. Collisions in darkness return similar results. Collisions in 
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these conditions reduce the log-transformed number of injuries measure by 6.9%, on average, within 
a 90% CI of [-2.1%, -11.4%].  
The Bayesian probit regression estimates for the relationship between crash factors and the 
probability of suffering a serious or worse injury are also provided in Table 5. The estimates indicate 
expected changes to the standard normal z-score. The 90% Confidence Interval for the intercept of 
the model lies above zero (0)6. As such, the initial estimate (0.095) can be considered influential on 
the final probability estimates, in addition to the influential collision factors. Many of the same 
collisions factors that affect the expected number of injuries measure also affect the probability of 
suffering a serious or worse (MAIS 3+) injury (Table 5). Notable exceptions are occupant weight and 
gender, and collisions occurring in darkness. The same is found for incidents in which the vehicle of 
interest brakes prior to the collision, or turns across the path of another vehicle. In contrast to injury 
frequency, these factors do not significant affect the propensity of suffering MAIS 3+ injuries. Cloudy 
conditions and accelerating or swerving to avoid an incident increase the likelihood of suffering MAIS 
3+ injuries, whereas collisions under these conditions have no relation with injury frequency. Since 
their effects cannot be interpreted directly, we address the efficacy of the estimates using a case 
study and out-of-sample testing.  
  
                                                          
6 While point estimates can be estimated through the z-score, unit changes in probit coefficients cannot be 
directly interpreted in linear terms as the magnitude of the coefficient effects depend on their position along the 
cumulative normal distribution curve. As such, a 90% confidence interval is additionally provided to provide a 








90% CI Sig. Estimate 
Standard 
Deviation 
90% CI Sig. 
Model Fit AIC: 685.71, BIC: 692.78 DIC: 586.29, posterior predictive p (PPP): 0.40 
Intercept -.781 .547 [-1.686, .115] .153 .095 .006 [.085, .105] † 
delta-V (Ln) .535 .032 [.481, .586] <.001*** .135 .013 [.116, .158] † 
Environmental Factors 
Daylight (Control) 
Darkness -.072 .031 [-.122, -.022] .020** .011 .012 [-.007, .031] – 
Clear Conditions (Control) 
Cloudy Conditions – – – – .057 .017 [.029, .087] † 
Level Ground (Control) 
Downhill – – – – – – – – 
Crash Factors 
Single Vehicle Collision .363 .050 [.281, .445] <.001*** .079 .018 [.051, .106] † 
Rear-end Collision (Control) 
Head-on Collision .399 .051 [.313, .481] <.001*** .075 .018 [.042, .103] † 
Turning Across Path .124 .034 [.068, .18] <.001*** – – – – 
Intersecting Path – Striking Vehicle – – – – – – – – 
Intersecting Path – Struck Vehicle .271 .047 [.194, .348] <.001*** .083 .017 [.052, .109] † 
Backing Up – – – – – – – – 
Vehicle Weight (Ln) -.041 .066 [-.147, .070] .543 -.074 .026 [-.116, -.031] † 
Automobile (Control) 
SUV – – – – – – – – 
No Avoidance Manoeuvre (Control) 
Brake to Avoid -.070 .031 [-.121, -.019] .021** – – – – 
Accelerate / Swerve to Avoid – – – – .013 .020 [-.020, .049] † 
Occupant Characteristics 
Age (Ln) .164 .027 [.121, .209] <.001*** .073 .011 [.057, .091] † 
Weight .003 .001 [.002, .004] .001*** – – – – 
Gender .164 .031 [.114, .216] <.001*** -.015 .013 [-.034, .008] – 
Height -.003 .001 [-.005, -.002] .004*** -.002 0 [-.003, -.001] † 
In-Vehicle Dynamics 
Driver DUI .195 .076 [.067, .320] .010*** .091 .026 [.052, .140] † 
Seatbelt Used -.152 .036 [-.213, -.092] <.001*** -.095 .012 [-.118, -.076] † 
Seat at Front Track Position – – – – .030 .027 [-.014, .074] – 
Seat in Mid / Non-adjustable (Control) 
Seat at Rear Track Position – – – – – – – – 
Multiple Airbags Deployed in Vehicle .282 .042 [.215, .353] <.001*** .020 .016 [-.008, .046] – 
Occupant in Driver Seat (Control) 
Occupant in Backseat – – – – – – – – 
Table 5 – (Left) Log-linear Regression: Corrected, unstandardised Maximum Likelihood estimates describing the relationship 
between crash factors and log-transformed number of injuries. (Right) Binary Probit Regression: unstandardised Markov 
Chain Monte Carlo (MCMC) Bayesian estimates describing changes in z-score due to the influence of crash factors on the 
probability of suffering an MAIS 3+ injury, which is classified as ‘serious’ or worse according to the Abbreviated Injury Scale. 
Only significant collision factors identified in Table 4 are included. 
*** Indicates 1% Significance Level, ** Indicates 5% Significance Level 




4.7.1 Model Veracity and NASS-CDS Case Study 
As specified in §4.4.1.1, all independent collision factors in both full-form and reduced-form models 
are co-varied. This ensures that the model estimates provide independent information and co-
dependent measures do not bias the estimated parameters. However, the resulting model has no 
degrees of freedom remaining and as such, tests of overall model fit are unavailable. Furthermore, 
given the limited model fit statistics that are available for the reduced-form model, we demonstrate 
the efficacy of the model proposed in Table 5 through out-of-sample testing. The data we use for out-
of-sample testing is derived from the Crash Investigation Sampling System (CISS) for collisions 
occurring in the year 2017. The CISS replaced the NASS-CDS after 2015. The inclusion requirements 
remain similar – NASS-CDS requires a passenger vehicle to be towed due to damage, whereas CISS 
requires a passenger vehicle to be towed for any reason. The CISS initiative retained its focus on 
providing data that is a near-representative sample of collisions occurring in the United States. We re-
perform the data inclusion steps outlined in §4.5 and retain a sample of 𝑁 = 456 cases. The median 
number of injuries is 3 (in accordance with the NASS-CDS data used to formulate the models in §4.6). 
Serious or worse (MAIS 3+) injuries are suffered by 8.1% of occupants in the CISS data; a similar rate 
to the 8.6% of MAIS 3+ injuries in the training sample. 
The parameters of Table 4 are used to independently estimate the number of injuries expected for 
CISS collisions, and the probability of suffering a serious or worse injury in each CISS case. The 
performance of the models on out-of-sample testing is available in Table 6. The number of injuries 
suffered by 78% of observations in the test data were within the predicted range of the log-linear 
regression model. The vast majority of cases outside of the ranges provided were one-injury 
occupants, and occupants with greater than 15 injuries. The Bayesian probit model also provided 
strong results, maintaining over 91% accuracy (correctly classified minor injury cases and serious or 
worse injury cases). Over 93% of non-serious injury cases (specificity) and almost 73% of MAIS 3+ 
injuries were correctly identified (sensitivity). Additionally, 48% of cases predicted to be MAIS 3+ 
injuries were observed to be MAIS 3+ injuries (precision). This corresponds to a Kappa7 of 53.5%, 
which indicates that the fitted model performs moderately stronger than a random (naïve) model.  
A sample case study is also chosen to demonstrate the effectiveness of the unstandardised estimates 
in Table 5. The MVC is chosen from the 26th primary sampling unit (case number 68) of CISS data. The 
single-vehicle incident involved a 91-year-old male (height 168cm, weight 79kg) that had been driving 
                                                          
7 Kappa indicates the performance of a predictive model when compared to a model that bases its predictions on 
the prevalence of the outcome within the data. A Kappa of 0 indicates a predictive model that performs no better 
than a model based on chance. 
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a 2017 SUV with curb weight 1,610kg. The injured occupant had set their seat forward to the front-
most track position, and was wearing a seatbelt when discovered. Point of contact features are 
unknown; however, one airbag had been deployed upon the driver. Site evidence and reconstruction 
software indicated a total delta-V of 49km/h. The collision occurred at day in clear and dry weather, 
on level ground. The injured occupant was not found to be under the influence of alcohol. The 
predicted number of injuries by the log-linear model is 6.24, with a 59.43% chance of suffering an 
MAIS 3+ injury (positive prediction). The observed number of injuries was 6, with MAIS 3. 
Test Sample Results (N = 456, MAIS 3+ Injured Occupants = 37) 
Log-linear Regression Model (Predicting Number of Injuries) 
Averaged Estimate:      4 Averaged 90% CI Range:     [1, 9] % Observed Within Range:     78% 
Bayesian Probit Regression Model (Predicting Likelihood of MAIS 3+ Injury) 
Fitted Model Predicted   Informed Naïve Model Predicted   
Observed No Yes Observed No Yes 
No 390 29 No 383 36 
Yes 10 27 Yes 34 3 
Accuracy  91.45% Accuracy  84.44% 
Specificity  93.08% Specificity  91.43% 
Sensitivity  72.97% Sensitivity  8.33% 
Precision  48.21% Precision  8.49% 
Kappa  53.52% Kappa  – 
Table 6 – Demonstrating effectiveness of models in predicting (top) the number of injuries suffered and (bottom) the 
likelihood of suffering a ‘serious or worse’ (MAIS 3+) injury, based solely on collision factors. 78% of observations in the test 
sample fall within the 90% limits predicted by the log-linear regression model. The Bayesian Probit Regression model also 
significantly outperforms a baseline model. The Naïve model is based on the probability of sustaining an MAIS 3+ injury by 
chance in test sample, i.e. a random (37 / 456) = 8.11% of observations are positive predictions. 
4.7.2 Exploring Number of Injuries and Severity Probability – Implications of Regression 
Effects and Policy Recommendations 
The results of our regression effects model (Table 5) indicate that delta-V has a sizeable effect on 
predicting the number of injuries that are sustained in MVCs. For every percentage increase in km/h 
of delta-V, it is expected that the number of injuries will increase by over 0.5%, while higher levels of 
delta-V also significantly increase the probability of sustaining a serious or worse injury. MVCs in our 
sample range from a delta-V of 4km/h to 97km/h, at which point the expected number of injuries 
solely due to the influence of delta-V is between 1 and 6. Table 7 presents the expected number of 
injuries induced by significant factors, ceteris paribus, at the extreme values of delta-V. All other 
factors are set so their net effects are zero. The greatest detriment to injury is increased occupant 
age; this factor alone increases the expected number of injuries by 5. Also influential are head-on 
collisions, single vehicle collisions, vehicles struck directly from the side, and multiple airbag 
deployments within the vehicle. These factors add an expected 3.1, 2.8, 2 and 2.1 injuries on average. 
In contrast, taller occupants incur up to 3.1 fewer injuries, on average. However, it must be noted that 
these figures are point estimates for the combination of significant factors with the lowest and 
highest recorded delta-V, and do not consider the 90% CIs that are provided in Table 5. Furthermore, 
Page 130 
the estimates relate to delta-V plus one other variable, whereas in reality an array of different 
combinations is possible.  
The results highlight the need for continued awareness surrounding the relative safety of seatbelts, 
and the increased detriment associated with alcohol-impaired driving. These issues have long-been a 
matter of concern for the NHTSA and other global organisations (World Health Organization 2018), 
and the results found in this study serve to highlight the benefit of wearing seatbelts, and the 
increased bodily damage associated with driving while under the influence of alcohol.  
Furthermore, the results in Table 7 highlight the need for an increased proliferation of safety-enabled 
vehicles that can adapt to, and rectify, hazardous events that would otherwise result in MVCs. We 
find significant positive associations between injury severity and head-on or side-impact collisions. 
Vehicles equipped with advanced driver assistance systems (ADASs) have previously been shown to 
reduce the frequency and severity of these collision types in reconstructed incidents (Scanlon et al. 
2015, Ranfagni et al. 2017, Scanlon et al. 2017b, Bareiss et al. 2019). This is further highlighted by the 
reduction in injury frequency in incidents where the vehicle braked to avoid a collision. A higher 
market penetration of ADAS-enabled vehicles can mitigate the occurrence of collision types that 
significantly increase the level of injury severity. The results also indicate that biomechanical data 
(age, weight, height, gender) can be used to adequately predict the number and severity of injuries 
suffered in an MVC. Although taller occupants tend to incur a lower level of bodily injury damage, 
heavier and older occupants tend to suffer a higher level of bodily injury damage. The increase in 
severity linked with older, heavier and female occupants, but not taller occupants, suggest that 
ergonomically-considerate designs could be further optimised to enhance the level of safety within 
vehicles. 
 Expected Number of Injuries 
Effect on Frequency 1km/h 4km/h (min) 97km/h (max) Effect on Severity 
delta-V (Ln) – 0.53 1.12 6.29  
Darkness -6.90% 0.50 1.04 5.86 † 
Single Vehicle Collision +43.94% 0.77 1.61 9.05 † 
Head-on Collision +49.23% 0.80 1.67 9.39 † 
Turning Across Path Collision +13.27% 0.61 1.27 7.13  
Intersecting Path Collision– Struck Vehicle +31.27% 0.70 1.47 8.26 † 
Brake To Avoid a Collision -6.72% 0.50 1.04 5.87  
Age (Ln) (Mean = 38.9 years) +0.24% (elasticity) 0.97 2.04 11.36 † 
Weight (Mean = 75.6 kg) +0.30% 0.66 1.37 7.72  
Gender (Females) +17.88% 0.63 1.32 7.42  
Height (Mean = 166.7 cm) -0.30% 0.27 0.56 3.15 † 
Driver DUI +21.88% 0.65 1.36 7.67 † 
Seatbelt Used -14.05% 0.46 0.96 5.41 † 
Multiple Airbags Deployed in Vehicle +32.69% 0.71 1.49 8.35  
Table 7 – Point estimates of significant factors when combined with delta-V. The 4km/h and 97km/h benchmarks represent 
the range of delta-Vs recorded in our sample. Note that confidence intervals are not provided with the point estimates. 
† denotes collision factors that also significantly influence the probability of suffering an MAIS 3+ injury. 
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4.7.3 Generality of Findings and Further Improvements 
NASS-CDS contains details of around 3700 collisions each year from 2010 – 2015. However, given the 
wide variety of parameters for which information is recorded, the majority of cases are partially 
incomplete or contain details recorded as ‘unknown’. The restrictive filters put in place for this study 
(accurate delta-V reconstruction, all injuries recorded, no fatalities, complete crash and occupant 
details), means that the final number of observations (𝑁 = 2520) represents an average of 420 
observations from each year, or around 11.5% of each year’s qualifying MVCs. These filters impact on 
the generality of our findings.  
NASS-CDS sampling has a sophisticated selection design that deliberately oversamples crashes with 
higher severities. The NASS-CDS database provides case weights that are used to account for sampling 
bias, but since the retention rate for incidents from each year hovers around 11.5%, correcting for the 
sampling method using the weightings provided yields unwieldy initial results. This difficulty has 
previously been highlighted for NASS-CDS related data (Sam et al. 2019). As a result, the observations 
that are subject to analysis in §4.6 are unweighted. The unwieldy initial results are evidence that the 
retained data is over-represented by higher severity MVCs. However, as detailed by the efficacy of the 
models in §4.7.1, the loss of generality is not too severe. 
A number of improvements and modifications can be made to the present study. For example, 
although our analysis uses multiple outcome variables to explore the effects of crash factors on injury 
severity, we do not make use of seemingly-unrelated regression equations (SUREs) which would allow 
more unexplained variance to be captured. The use of SUREs has previously been extended to 
transportation research (Washington et al. 2010) as it is particularly beneficial in accounting for the 
unobserved heterogeneity that exists in the realm of MVC frequency and severity (Mannering et al. 
2016). Its use in this study, however, would have been redundant given that the examined collision 
factors are the same for both outcome measures. Furthermore, the ‘number of injuries’ outcome is 
treated as a non-normal continuous variable in this study. As such, our model estimates contained 
‘continuous’ predictions rather than count values. The latter may be more appropriate for producing 
precise ‘number of injuries’ estimates. We intend on exploring comparative performances between 
continuous and count models by treating ‘number of injuries’ as an adjusted zero-inflated count 
variable in further analyses. This approach has previously proven fruitful in a mediation analysis 
setting (Cheng et al. 2018). Finally, a potential drawback to this study is our reliance on fixed 
parameter effects to discern significant results. Given the inherent randomness that exists in MVCs, 
further research can account for unobserved heterogeneity by introducing random parameter effects 




Our research offers an alternative approach to motor vehicle collision severity estimation, by isolating 
the effects of delta-V. This study independently models the effects that MVC factors have on injury 
severity through the lens of a mediation analysis, whereby delta-V acts as the focal point between 
other collision factors and the subsequent level of severity. Using a combination of a log-linear model 
and a Bayesian probit model, we confirm that delta-V plays the primary role in influencing injury 
severities suffered in MVCs.  
The findings of our study indicate that biomechanical indicators (occupant age and height in 
particular) and specific collision types (single vehicle collisions, head-on collisions, and vehicles struck 
in intersecting path collisions) largely alter the severity of injuries suffered by vehicle occupants. 
Alcohol-impaired driving and multiple airbag deployments are also shown to significantly increase 
injury detriment within MVCs, while wearing a seatbelt is shown to decrease the level of bodily 
damage suffered by occupants. Furthermore, we find that collisions occurring in dark conditions 
decrease the frequency of injuries, but increase the likelihood of suffering a serious injury. Further 
studies should explore the cause of this conflicting result.  
The strength of our research lies in the mediation analysis approach, which offers a granular view on 
the influence that delta-V has on other collision factors. This allows for hidden relationships to be 
uncovered among the independent-dependent paths. For example, occupants in vehicles struck 
directly from the side suffer more severe injuries than rear-end collisions. However, the ‘Serious or 
Worse Injury’ measure was initially found to be offset by negative associations with crash velocities. 
The implication of this is that excluding delta-V from our analysis would have led to this factor having 
only a marginal effect on predicting the likelihood of an MAIS 3+ injury. Rather than ruling out an 
interpretable conclusion, this indicates that there are two significant relationships involved – this 
crash type is much more detrimental to its occupants, even though these MVCs occur at lower delta-
Vs. Furthermore, we find that a number of collision factors that influence injury severities can be 
explained by the effect of delta-V. 
A number of improvements can be made to the existing study by, for example, additionally 
considering the inclusion of random parameters and no-injury or property-damage-only MVCs. 
Nevertheless, our mediation analysis approach indicates a viable path for a further exploration of 
road safety dynamics. The results agree with prior findings, highlights the importance of existing 
safety policies (increased use of seatbelts, and eliminating alcohol-impaired driving) and lend 
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additional support to the proliferation of advanced-safety vehicles that can mitigate the effect of 
detrimental crash types.   
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 (Independent  Mediator) 
Direct Effects / Regression 
(Table A2) 
(Independent  Dependent) 
Total Effects / Regression w/o delta-V  
(Table 3) 
(Independent  Mediator  Dependent)  
Darkness ***, † **, † † 
Cloudy Conditions  † † 
Single Vehicle Collision ***, † ***, † ***, † 
Head-on Collision ***, † ***, † ***, † 
Turning Across Path **, † *** *** 
Intersecting Path – Struck Vehicle ***, † ***, † *** 
Vehicle Weight (Ln) ***, †  **, † 
Brake to Avoid ***, † ** *** 
Accelerate / Swerve to Avoid ***, †  † 
Age (Ln) ** ***, † ***, † 
Weight   *** *** 
Gender ***, † *** ***, † 
Height  **, † ***, † 
Driver DUI ***, † **, † ***, † 
Seatbelt Used ***, † ***, † ***, † 
Seat at Front Track Position **, †  † 
Multiple Airbags Deployed ***, † ***, † ***, † 
Table A1 – Significant relationships among the mediation environment, detailing standardised crash factors 
that influence the log-transformed number of injuries and the probability of suffering an MAIS 3+ injury 
through the indirect indicator of delta-V.  
*** Indicates 1% Significance Level, ** Indicates 5% Significance Level 
† Indicates Bayesian 90% Confidence interval that does not contain 0.  
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A2 – Full-form Model of Unstandardised Regression Effects (Regression) 
 




90% CI Sig. Estimate 
Standard 
Deviation 
90% CI Sig. 
Model Fit AIC: 1480.00, BIC: 1502.67 DIC: 1018.54, posterior predictive p (PPP): 0.83 
Intercept -1.629 .700 [-2.764, -.462] .025** -.089 .286 [-.575, .349] – 
delta-V (Ln) .543 .032 [.489, .594] <.001*** .143 .011 [.125, .164] † 
Environmental Factors 
Dry Road (Control) 
Wet Road -.005 .058 [-.102, .090] .931 -.022 .023 [-.059, .015] – 
Snowy or Icy Road -.087 .092 [-.233, .072] .362 -.030 .030 [-.075, .022] – 
Daylight (Control) 
Darkness -.066 .032 [-.117, -.015] .035** .029 .011 [.010, .048] † 
Clear Conditions (Control) 
Cloudy Conditions .044 .044 [-.028, .115] .334 .035 .016 [.009, .061] † 
Rain, Snow or Fog -.018 .068 [-.130, .092] .744 .035 .025 [-.007, .076] – 
Level Ground (Control) 
Uphill .041 .040 [-.023, .110] .293 .009 .016 [-.017, .035] – 
Downhill .001 .040 [-.064, .066] .996 .007 .016 [-.018, .034] – 
No Controls / Other (Control) 
Traffic Signals -.029 .033 [-.081, .026] .395 -.007 .013 [-.027, .015] – 
Stop Yield Signs -.005 .057 [-.098, .090] .941 .015 .021 [-.021, .051] – 
Other Regulation Signs .060 .103 [-.117, .224] .605 .044 .043 [-.026, .119] – 
Crash Factors 
Single Vehicle Collision .376 .057 [.283, .473] <.001*** .087 .019 [.053, .119] † 
Rear-end Collision (Control) 
Head-on Collision .419 .058 [.324, .512] <.001*** .073 .023 [.037, .109] † 
Turning Across Path .147 .042 [.074, .213] .001*** .016 .016 [-.012, .041] – 
Intersecting Path – Striking Vehicle .043 .056 [-.049, .135] .465 -.013 .02 [-.047, .020] – 
Intersecting Path – Struck Vehicle .300 .055 [.210, .393] <.001*** .066 .022 [.029, .104] † 
Backing Up -.001 .356 [-.558, .623] .992 .014 .129 [-.197, .223] – 
Current Vehicle Age 0 .004 [-.008, .007] .912 .002 .002 [0, .005] – 
Vehicle Weight (Ln) .053 .088 [-.093, .195] .560 -.037 .035 [-.090, .023] – 
Automobile (Control) 
SUV -.034 .039 [-.095, .032] .409 -.018 .016 [-.046, .008] – 
Light Trucks & Vans -.089 .052 [-.173, -.002] .094 -.015 .020 [-.047, .017] – 
No Avoidance Manoeuvre (Control) 
Brake to Avoid -.065 .033 [-.119, -.012] .044** -.010 .014 [-.032, .014] – 
Accelerate / Swerve to Avoid .018 .046 [-.060, .093] .692 -.014 .017 [-.039, .017] – 
Occupant Characteristics 
Age (Ln) .178 .029 [.134, .228] <.001*** .079 .011 [.062, .098] † 
Weight .003 .001 [.002, .004] .001*** 0 0 [-.001, 0] – 
Gender .173 .032 [.121, .226] <.001*** -.011 .012 [-.031, .010] – 
Height -.003 .001 [-.005, -.001] .013** -.002 0 [-.002, -.001] † 
In-Vehicle Dynamics 
Driver DUI .183 .077 [.052, .309] .019** .090 .026 [.045, .132] † 
Seatbelt Used -.141 .037 [-.201, -.077] .001*** -.090 .013 [-.113, -.068] † 
Seat at Front Track Position -.015 .074 [-.144, .102] .832 .031 .026 [-.012, .074] – 
Seat in Front – Mid Position -.024 .049 [-.106, .053] .620 -.028 .018 [-.056, .002] – 
Seat in Mid / Non-adjustable (Control) 
Seat in Mid – Rear Position .027 .037 [-.036, .087] .499 -.011 .014 [-.036, .011] – 
Seat at Rear Track Position .009 .038 [-.056, .071] .855 -.009 .015 [-.036, .015] – 
Multiple Airbags Deployed in Vehicle .277 .044 [.204, .352] <.001*** .025 .014 [.001, .048] † 
Occupant in Driver Seat (Control) 
Occupant In Passenger Seat -.051 .035 [-.108, .007] .140 -.006 .015 [-.031, .019] – 
Occupant in Backseat .092 .068 [-.016, .211] .160 .036 .025 [-.003, .078] – 
Table A2 – (Left) Log-linear Regression: Corrected, unstandardised Maximum Likelihood estimates describing the 
relationship between crash factors and log-transformed number of injuries. (Right) Binary Probit Regression: 
unstandardised Markov Chain Monte Carlo (MCMC) Bayesian estimates describing changes in z-score due to the influence 
of crash factors on the probability of suffering an MAIS 3+ injury, which is classified as ‘serious’ or worse according to the 
Abbreviated Injury Scale. 
*** Indicates 1% Significance Level, ** Indicates 5% Significance Level 
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Intensified efforts on ensuring vehicle safety has brought with it an increased focus on the collection 
of motor vehicle collision (MVC) data. Primary insurers are one stakeholder of the motor vehicle 
industry that can benefit from these improved data collection methods by addressing the long-
standing issue of insurance fraud. This study uses a data-driven approach to investigate a pertinent 
issue within the motor insurance arena – that of minor cervical strains that are often referred to as 
'whiplash'. We investigate MVC factors that are associated with minor whiplash-related injuries in 
drivers, and formulate predictions on the likelihood of sustaining whiplash-related injuries using a 
number of penalised logistic regression models. Our approach links aspects of insurance loss-event 
literature, injury severity literature, and MVC analysis literature in order to mitigate the impact of 
litigation risk faced by primary insurers. We conduct our analysis by combining reasonably-accessible 
collision events that occur prior to, and during, the crash with the injuries that are subsequently 
sustained. The data we examine is derived from the Crashworthiness Data System (NASS-CDS) for the 
years 2010–2015. The data is a representative sample of collisions, where crash factors are 
determined through on-site inspections and reconstruction software. We draw from an injury 
database rather than claims data, mitigating the potential for exaggerated recordings of minor 
whiplash. Our results outperform informed baselines based on chance. The methods proposed can be 
implemented in fraud detection as informational mismatches can be investigated between the clinical 













Although a non-medical term, whiplash is often described as “an acute cervical sprain or strain that 
results from acceleration and deceleration motion without direct application of force to the head or 
neck” (Devlin 2011). Given the dynamic energy transfer that occurs during an acceleration pulse caused 
by a crash, minor whiplash-related injuries are a common consequence of motor vehicle collisions 
(MVCs). The diagnosis of minor whiplash is usually based on clinical signs such as restricted range of 
motion, movement or absent tendon reflexes, however the diagnosis is primarily based on the patient’s 
self-reported judgement of pain. For the purposes of this analysis, we consider minor whiplash as being 
a diagnosis of ‘minor cervical spine strain with no fracture or dislocation’. While there are a multitude 
of studies that detail the biomechanics that lead to whiplash, and the specific stressors linked to 
whiplash-associated disorders, this analysis poses a fresh approach to whiplash determination by 
investigating the characteristics of a motor vehicle collision (MVC) that are significantly associated with 
minor whiplash in drivers.  
The primary objective of this study is to identify reasonably-identifiable personal characteristics and 
collision dynamics that have a propensity to cause minor whiplash. We complete this objective by 
applying a number of logistic regression models (standard, Firth, LASSO, Ridge, and Elastic Net) to a set 
of MVC data. We combine the collision factors involved with 1764 MVCs, which have been determined 
through on-site inspections and reconstruction software, with the injuries that were sustained in the 
incident. The collision factors comprise a combination of kinematic measures, driver characteristics, in-
vehicle dynamics, and crash characteristics.  
We adopt a data-driven approach in order to optimise the accuracy of our models. As such, we 
standardise the data in our sample to ensure predictive efficiency, rather than determining the relative 
likelihood of estimates. We emphasise that our focus is on the use of collision factors that can be reliably 
obtained from on-site inspections and recorded data. Although we include a number of collision factors 
that are currently estimated using reconstruction software (i.e. crash velocity), the increased 
proliferation of vehicles equipped with Event Data Recorders (EDRs) will allow these factors to become 
directly accessible following a collision. Investigating collision factors that can be reliably obtained from 
crash data allows for a direct link to be established between insurance loss-event literature and MVC 
analysis. Proactive solutions generated from collision data can insulate primary insurers from emerging 
and existing risks relating to vehicle hazards and underwritten policies (Ryan et al. 2019, Gatzert and 
Osterrieder 2020). The information presented herein aids stakeholders in the non-life insurance 
industry, as the results can aid in detecting instances of insurance fraud. Despite the standardisation of 
the data, ancillary benefits are also available for road safety practitioners and vehicle engineers alike as 
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the significance and directionality of the effect sizes are retained. As such, the risk factors related to 
minor whiplash injuries can still be directly identified.  
A variety of indicators have previously been linked to whiplash. delta-V, or the maximum change in 
vehicle velocity over the duration of a crash event, has been found to have a significant effect on 
inducing whiplash and injuries of higher severity (Eis et al. 2005b, Krafft et al. 2005, Shannon et al. 2020). 
This is largely as a result of the acceleration pulse that coincides with the sudden changes in momentum 
throughout the duration of a collision event (Linder et al. 2001). The acceleration-deceleration patterns 
result in excessive flexions and/or extensions within the head and neck. Lenard et al. (2015) identify a 
rotated head at the time of impact as being at an increased risk of sustaining whiplash injuries. Many 
of these injuries occur in rear-end collisions (Krafft et al. 2005, Martin et al. 2008, Mang et al. 2020). 
Jakobsson (2004), Eis et al. (2005b) and Martin et al. (2008) also find that drivers are significantly more 
likely to suffer whiplash injuries relative to front-seat passengers, in part due to the differences in 
seating posture between the two occupants. The aforementioned authors find conflicting results 
concerning the age of the occupants and their chances of sustaining whiplash, although all agreed that 
it is an appreciable indicator. Modern airbags have also been found to reduce the incidence rates of 
minor whiplash injuries (Dommerholt 2010).   
The importance of correct whiplash diagnosis cannot be understated. The majority of previous whiplash 
discourse has focused on a victim’s health following an MVC, and studies show that diminished physical 
and mental health are common consequences of an MVC injury. Post-traumatic Stress Disorder (PTSD) 
(Dunne et al. 2012) and a deteriorated quality of life (Tournier et al. 2016) have been linked to victims 
who suffer chronic whiplash injuries. Providing the correct allocation of medical services is therefore 
essential to optimal recovery. Kenardy et al. (2017) find that age is a predictor of physical injury recovery, 
while the injury’s severity inhibits mental recovery. Despite the presence of these predictors, whiplash 
often presents as a vague manifestation of symptoms (Zollman 2016), which hinders efforts to 
distinguish their specific causes within collision events.  
The identification of overstated injuries is important given that relationships have been found between 
whiplash recovery and those who claim for compensation. Sterling et al. (2010) find that recovery 
trajectories are longer for those with minor whiplash injuries who claim compensation, compared to 
those with the same symptoms that do not claim compensation. However, Spearing et al. (2012) refute 
the findings of these studies, stating that whiplash claimants did not appear to be “cured by a verdict”. 
Cassidy et al. (2000) reiterate the results of Sterling et al. (2010), stating that a switch to a no-fault 
system from an at-fault claim system results in a decreased incidence rate and improved prognosis of 
whiplash injury. Under an at-fault claim system, payments are based on documented pain and suffering, 
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whereas a no-fault claim system replaces these payments with increased medical and income-
replacement benefits. Harris et al. (2005) conclude that a significant portion of studies (83%) showed 
worse injury outcomes in compensated patients.  
The methodology we propose in our study – identifying minor whiplash based on collision events – has 
a number of potential applications in a practical setting. Litigation processes and insurance claim 
inspections can benefit from the results of this study, as an estimated 13–17% of reported motor 
insurance claims are false (Gatzert and Osterrieder 2020). The results can therefore be used to aid risk-
mitigating insurers in detecting exaggerated or fraudulent cases of whiplash, thereby speeding up the 
claims handling process, clarifying the extent of claims reserving required for insurance firms and 
decreasing premiums for road users.  
The following sections address the methods used in this analysis to identify whiplash-related injuries 
using crash factors, and discuss the implications of the results of the models. Section 5.3 introduces the 
methods used to detect minor whiplash in the NASS-CDS dataset, as well as briefly detailing the data 
characteristics of our sample set. Section 5.4 outlines the statistical methods used to identify whiplash 
cases and improve model robustness, and details the parameter selection process for the final model. 
Section 5.5 presents the results of the models and their performance on out-of-sample data. Section 
5.6 includes a discussion on the potential application of the methods introduced in this paper. Section 
5.7 concludes. Developing upon the methodology proposed in this study would have an appreciable 
impact on the insurance economy, resulting in benefits such as increased policy savings, decreased 
claims reserving, and reduced administrative costs.  
5.3 Data Selection 
 
5.3.1 Inclusion Criteria – Identifying Minor Whiplash 
The data examined in this paper is derived from the National Highway Traffic Safety Administration’s 
(NHTSA) National Automotive Sampling System Crashworthiness Data System (NASS-CDS) for the years 
2010–2015, commissioned by the US Department of Transportation. NASS-CDS combines engineering 
and medical research by collating collision data and conducting follow-up visits to injured patients in 
participating hospitals. NASS-CDS data includes police-reported MVCs in which at least one involved 
vehicle is towed away due to damage. A variety of factors that influence the outcome of the MVC is 
recorded through on-site inspections, crash reconstructions are completed, and police records are 
examined. Thereafter, all injuries suffered by each occupant, including those suffering only minor 
injuries, are recorded using a 6-digit classifier along the Abbreviated Injury Scale (AIS). The six digits of 
the AIS classifies the injury suffered, the anatomical structure damaged and the area affected. A single 
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digit adjoins the classifier, indicating the injury’s severity along a 6-level scale, ranging from ‘1’ (minor) 
to ‘6’ (currently untreatable).  
The AIS code used as part of this analysis to signify minor whiplash is 640278.1 (Cervical Spine Strain, 
Acute with no fracture or dislocation, minor). Given the vague set of symptoms that are used to describe 
minor whiplash, minor cervical strains are the primary types of injury associated with minor whiplash 
(Devlin 2011). This AIS code have previously been used in research on the quality of life of whiplash 
victims (Hours et al. 2013, Tournier et al. 2016). Although the database is extensive, for the purpose of 
this analysis, emphasis is placed on cases where all necessary information is available – cases with 
missing information are removed prior to examination to ensure reasonable accuracy. Given that they 
are the occupants that are most at-risk (Jakobsson 2004, Martin et al. 2008), we focus on the drivers 
involved in the incident. The filters applied to retrieve accurate cases results in a final sample of 1764 
injured drivers, of which 327 sustained a minor cervical strain. 
5.3.2 Sample Data 
The NASS-CDS database adheres to an objective reporting style, which allows for the consideration of 
an extensive number of crash environments. Kinematic factors, driver characteristics, in-vehicle 
dynamics, and crash characteristics are all subject to analysis in our study. Following the removal of 
statistically irrelevant features, this amounts to a sample of 31 factors, of which 4 act as control 
variables (Table 2). The collision factors we include in our sample can reasonably be obtained from the 
crash event details, while the collision impact velocities (delta-V) can be obtained from event data 
recorders. We additionally standardise the training data to have a mean of 0 (zero) and standard 
deviation of 1  (one). The implications of the standardisation is that the collision factors can be 
compared on a standardised scale, so that the comparative strength of estimates that influence 
whiplash likelihood can be directly assessed. 
The objective reporting style of NASS-CDS also extends to the injuries recorded. The AIS classifier (a 6-
digit identifier for each injury along with a severity rating) ensures that there is little opportunity for 
exaggerated or fabricated injuries. The dataset is randomly split into an approximate 80% training set 
and 20% test set, comprising 1411 and 353 observations respectively (Table 1). Whiplash cases make 
up over 18.5% of the entire sample. The training set identifies the significant factors in the data and 
computes appropriate weightings, while the test set verifies the veracity of the factors and weightings. 





  Training Set Test Set Total 
Whiplash 264 63 327 
Non-Whiplash 1147 290 1437 
Total 1411 353 1764 
Whiplash Rate 18.71% 17.85% 18.54% 
Table 1 - Whiplash distribution in the sample 
 
Sample Parameters  Description  Mean  Std. Dev  Frequency 
Outcome (n = 1411) 
Whiplash  Yes 1, No 0  –  –  264 
Kinematic Factors 
Lateral Delta-V  Range of -87 – 64 (km/h)  -0.08  13.63  – 
Longitudinal Delta-V  Range of -96 – 74 (km/h)  -18.97  19.30  – 
Total Delta-V  Range of 6 – 97 (km/h)  27.15  13.41  – 
Driver Characteristics 
Age (Log-transformed)  Range of 2.71 – 4.51 (ln(y))  3.64  0.45  – 
Gender  Female 1, Male 0  –  –  817 
Weight (Log-transformed)  Range of 3.76 – 5.15 (ln(kg))  4.35  0.25  – 
Height  Range of 140 – 201 (cm)  169.80  10.20  – 
In-Vehicle Dynamics 
Vehicle Age at Collision  Range of 0 – 9  4.55  2.80  – 
Current Vehicle Age (y = 2020)  Range of 5 – 20  12.57  3.37  – 
Vehicle Curb Weight (Log-transformed)  Range of 6.45 – 8.37 (ln(kg))  7.36  0.21  – 
Airbag Deployed On Driver  Yes 1, No 0  –  –  891 
Multiple Airbags Deployed  Yes 1, No 0  –  –  227 
Alcohol Consumption (DUI)  Yes 1, No 0  –  –  70 
Seatbelt Worn  Yes 1, No 0  –  –  1163 
Seat Set to Front-most Track  Yes 1, No 0  –  –  62 
Seat Set Front–Middle Track  Yes 1, No 0  –  –  183 
Seat Set to Middle Track  (Control) 
Seat Set Middle–Rear Track  Yes 1, No 0  –  –  408 
Seat Set to Rear-most Track  Yes 1, No 0  –  –  349 
Crash Factors 
Single Vehicle Collision  Yes 1, No 0  –  –  204 
Rear-end Collision  Yes 1, No 0  –  –  202 
Head-on Collision  (Control) 
Turning Across Path Collision  Yes 1, No 0  –  –  586 
Intersecting Path Collision (Striking)  Yes 1, No 0  –  –  151 
Intersecting Path Collision (Struck)  Yes 1, No 0  –  –  161 
Automobile  (Control) 
SUV  Yes 1, No 0  –  –  291 
Light Trucks & Vans  Yes 1, No 0  –  –  163 
No Manoeuvre to Avoid  (Control) 
Brake to Avoid  Yes 1, No 0  –  –  387 
 Acceleration or Swerve to Avoid  Yes 1, No 0  –  –  151 
Table 2 – Summary statistics for all collision factors in the training sample prior to standardisation. Also provided is the 




This study classifies an event in to one of two categories, through probabilistic means, using a mixture 
of categorical and continuous descriptor variables. A logistic regression model is commonly used to 
investigate the probability of an event occurring given a number of factors that influence its outcome. 
Issues may arise given the event of interest (whiplash) is under-represented in the data, as the 
coefficients provided by the model may be biased due to the under-represented frequency of events. 
The training set we use to compute the weights of the model has a whiplash occurrence rate of 18.7%. 
As a result, we additionally consider a number of penalised regression models that correct for the 
under-representation of the whiplash events.  
5.4.1 Standard Logistic Regression 
We assume that the dependent variable 𝑌𝑖 𝜖 {0,1} is a Bernoulli-distributed variable with success 
probability 𝜋𝑖 among 𝑛 observations, or odds of success 
𝜋𝑖
1−𝜋𝑖
. Given 𝐗𝑖, a 𝑝-dimensional vector of 
explanatory variables, and 𝛃, a vector containing the intercept 𝛼 and coefficients β𝑗, the probability 
of success can otherwise be stated as   
                                                  𝜋𝑖 = 𝑃(𝑌𝑖 = 1) =
exp 𝛃′𝐗𝑖
1+exp(𝜷′𝐗𝑖)
                      (1) 




) =  𝛼 + ∑ β𝑗𝑥𝑖𝑗
𝑝
𝑗=1 = 𝛃
′𝐗𝑖      (2) 
Coefficient estimates ?̂? and coefficients β̂𝑗 are found by maximising the log-likelihood function. Eqn. 
(3) describes the likelihood function 𝐿(𝜷) for the standard logistic regression model and Eqn. (4) 
describes its logarithm 𝑙(𝜷): 
𝐿(𝜷) = ∏ (𝜋𝑖(𝜷))
𝑌𝒊𝑛
𝑖=1 (1 − (𝜋𝑖(𝜷)))
1−𝑌𝑖
     (3) 
                                               𝑙(𝜷) = ∑ 𝑌𝑖 log(π𝑖(𝜷)) +
𝑛
𝑖=1 (1 − 𝑌𝑖) log(1 − π𝑖(𝜷))     (4) 
Logistic Regression results are based off the MLE ?̂?, which is derived as a solution to the score 
equation 𝑈(𝜷). To find this solution, partial derivatives of the log-likelihood function 𝑙(𝜷) are 
calculated and equated to 0 (Eqn. (5)) 
   
𝜕𝑙(𝜷)
 𝜕𝜷
= 𝑈(𝜷) = ∑ [𝑌𝑖 − 𝜋𝑖(𝜷)]𝑥𝑖
𝑛
𝑖=1 = 0     (5) 
In this analysis, we attempt to reduce the variance within the estimates and address the class 
imbalance within the data (i.e. the lack of whiplash cases). Therefore, we apply a number of penalised 
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logistic regression methods in addition to the use of a standard logistic regression. Three of the 
methods we use (LASSO, Ridge, and Elastic Net Regressions) introduce bias by including a corrective 
term to the log-likelihood function in Eqn. (4). The remaining method (Firth Regression) introduces a 
systematic correction to the mechanism that produces the maximum likelihood estimates (the score 
equation in Eqn. (5)) rather than correcting the estimates themselves. 
5.4.2 Penalised Logistic Regressions 
5.4.2.1 Least Absolute Shrinkage and Selection Operator (LASSO) Logistic Regression 
LASSO regularisation (also known as L1 regularisation) was introduced in order to improve the 
inferential quality of statistical models by reducing variance in the estimates. LASSO regression 
modifies the log-likelihood estimates produced in the standard logistic regression model by 
introducing a shrinkage penalty λ1 to the absolute value of the 𝛽𝑗 estimates (Eqn. (6))  
𝑙pen(𝜷) = 𝑙(𝜷) − λ1 ∑ |𝛽𝑗|1
𝑝
𝑗=1                                    (6) 
The resulting log-likelihood score minimises the effect sizes of ineffectual predictor variables. The 
shrinkage parameter λ1 is constant irrespective of the magnitude of the parameter being estimated, 
and increased values of λ1 results in some coefficients being shrunk to 0. The LASSO method 
therefore performs a form of parameter selection, and removes collision events that do not 
significantly contribute to determining the likelihood of sustaining whiplash. 
5.4.2.2 Ridge Logistic Regression 
Ridge regression was similarly introduced to minimise the variance that exists within maximum 
likelihood estimates. The shrinkage penalty λ2 is a tuning parameter that modulates the trade-off 
between the likelihood term and the penalty term and is usually selected in a data-driven procedure 
such as cross-validation. The objective of the Ridge penalty parameter λ2 is to shrink the effect of 
non-significant predictor variables, however, the Ridge penalty is scaled to the magnitude of the 
squared parameters. As such, as with LASSO, the Ridge penalty parameter shrinks the estimates 
toward zero as λ2 increases however, unlike LASSO, does not set them exactly at zero (Eqn. (7))  
𝑙pen(𝜷) = 𝑙(𝜷) − λ2 ∑ 𝛽𝑗2
2𝑝
𝑗=1                            (7) 
5.4.2.3 Elastic Net Logistic Regression 
The Elastic Net regression estimator is a modification of the LASSO regression estimator that 
preserves its strength and addresses its weaknesses (Zou and Hastie 2005). The Elastic Net penalty is 
a linear combination of the LASSO and Ridge penalties (Eqn. (8)). It retains the ability to reduce 
ineffectual variables to zero but ensures that strongly collinear covariates are not shrunken together. 
     𝑙pen(𝜷) = 𝑙(𝜷) − λ1 ∑ |𝛽𝑗|1
𝑝
𝑗=1 − λ2 ∑ 𝛽𝑗2
2𝑝
𝑗=1    (8) 
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5.4.2.4 Firth Logistic Regression: 
Whereas the prior three penalisation methods apply corrections to the estimates following the 
derivation of the log-likelihood function, the Firth penalisation approach corrects the score function 
underlying the log-likelihood function. We can write the asymptotic bias 𝑏(𝜷) of the MLE ?̂? as 






+ ⋯                             (9) 
The influence of the bias introduced in the MLE estimate ?̂? is prevented by removing the dominating 
Ο(𝑛−1) term in the bias estimate of Eqn. (9). This is mitigated by applying a correction to the 
underlying score equation 𝑈(𝜷) in Eqn. (5). In most cases, there is no analytical solution to 𝑈(𝜷). 
Consequently, numerical methods are used to find successive iterations of ?̂?. For the sake of brevity, 
we assume that a solution to the score equation is obtainable. A positive bias is introduced to the 
score function of Eqn. (5), so that the bias in ?̂? can be reduced. The modified score function,  
              𝑈𝑝𝑒𝑛(𝜷) = 𝑈(𝜷) − 𝑖(𝜷)𝑏(𝜷)    (10) 
generates a modified estimate 𝜷pen by shifting the score curve 𝑈(𝜷) with gradient 𝑖(𝜷) and positive 
bias  𝑏(𝜷) . The solution of 𝑈pen(𝜷) = 0  locates a stationary point of the modified log-likelihood 
function 
                         𝑙𝑝𝑒𝑛(𝜷) = 𝑙(𝜷) +
1
2
𝑙𝑜𝑔|𝑖(𝜷)|    (11) 
which is equivalent to a penalised likelihood function 
                           𝐿𝑝𝑒𝑛(𝜷) = 𝐿(𝜷)|𝑖(𝜷)|
1
2     (12) 
As such, the log-likelihood of logistic regression model 𝐿(𝜷) is penalised by the Jeffreys invariant 
prior, where 𝑖(𝜷) is the Fisher information matrix evaluated at 𝜷. A full derivation of this result can be 
found in the original paper by Firth (1993). By modifying the score function rather than the MLE 
(introducing a shift in 𝜷) a finite result is ensured as well as mitigating bias in the final estimate. In our 
binary model, the introduction of the penalty function |𝑖(𝜷)|
1
2 has a number of advantages over the 
standard logistic regression model. Predictions tend toward 
1
2
, and coefficients towards 0, which has 
the effect of increasing the probability of events that are under-represented in the sample, and 
increasing separation between whiplash and non-whiplash cases that are subject to similar crash 
factors. The latter is particularly advantageous in applications to MVCs, where an inherent 
randomness exists between crash factors and the injuries sustained in the collision.  
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5.4.3 Repeated K-Fold Cross-Validation 
To ensure optimal model robustness, our study adopts the use of a repeated 𝐾-fold cross-validation 
methodology in order to complement the use of the logistic regression models, where 𝐾 =  5 and the 
number of repeats =  10. As such, our model parameters are the result of a 10𝑥-repeated, 5-fold 
cross-validation process. The cross-validation method is an iterative process that partitions the training 
sample into 𝐾 mutually exclusive, roughly equal-sized folds. The model parameters are trained on 𝐾 −
1 folds and validated using the remaining fold, and iterated until all folds have been used as both a 
training and validation set. The cross-validation model coefficients are an average of the coefficients 
derived during each training step, while the overall model performance is an average of the 
performance statistics of the model coefficients at each step on the 𝐾𝑡ℎ validation set. To ensure that 
our estimates are optimised, the orders of the observations are then shuffled and the 𝐾-fold cross-
validation process is repeated ten times. 
The advantage of 𝐾-fold cross-validation over repeated random sub-sampling is that all observations 
are used for both training and validation, and each observation is used for validation exactly once per 
repeat (Efron and Hastie 2016). Furthermore, the model formation process does not have access to the 
20% holdout set, mitigating potential bias amongst the estimates. The process comprising the 
formation of a Logistic Regression model using 10𝑥-repeated, 5-fold cross-validation on 80% of the 
sample data, and testing the model on a 20% holdout set, is outlined in Figure 1. 
            80% 𝑜𝑓 𝑠𝑎𝑚𝑝𝑙𝑒          20% 𝑜𝑓 𝑠𝑎𝑚𝑝𝑙𝑒 
                                                         
 
 
5.4.4 Variable Selection 
A parameter selection procedure is included to ensure that the final predictive model for whiplash 
detection is optimised. The ‘Model Parameters’ section (§5.5.1) features a full model with all 
parameters included, however given that a number of predictor variables may not provide predictive 
Validation Training Training Training Training 
Training Validation Training Training Training 
Training Training Validation Training Training 
Training Training Training Validation Training 
Training Training Training Training Validation 
  …   
  …   
  × 10   
Testing 
Figure 1 – Training, validation and testing method used in our study, where the standard and penalised logistic regression 
estimates are derived from a 10x-repeated, 5-fold cross-validation process. 
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or associative insight, correlation analyses are conducted to discern the predictor variables that will be 
subject to a reduced-form analysis. The culmination of these correlation analyses is an identification of 
the crash factors that are significantly associated with a minor whiplash outcome. However, some 
parameters that are significantly associated with whiplash may not demonstrate high predictive power 
when attempting to identify whiplash injuries. As such, a reduced-form model (§5.5.1.2) is chosen using 
crash factors that demonstrate both a significant association with whiplash, and reasonable predictive 
power in detecting whiplash cases. 
In tandem with the 𝐾 -fold cross-validation process used to the derive the Logistic Regression 
coefficients, estimates of the association between whiplash and crash factors are derived by conducting 
𝐾 correlation analyses, where 𝐾 is equivalent to the number of folds chosen in §5.4.3. Each correlation 
analysis excludes fold 𝑘, where 𝑘 = 1, 2, … , 𝐾. The final correlation estimates are derived by taking the 
average of the correlation values for each crash factor. This procedure ensures that bias is not 
introduced in to the parameter selection process, as the correlation estimates does not have access to, 
and as such are not influenced by, the validation set associated with each fold 𝑘 (Hastie et al. 2005). 
The results of Table 3 indicate that the crash factors that have significant associations with minor 
whiplash are varied. Both longitudinal and total delta-V are significantly associated with whiplash, albeit 
the latter shares a negative association. Positive associations are also found between whiplash and 
females, as well as whiplash and rear-end collisions. Negative associations are found for drivers who 
set their seat to the front-most track position, and drivers who consumed alcohol. Further negative 
associations were found between whiplash and single-vehicle collisions, as well as collisions in which 
an airbag deployed upon the driver.  
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Parameter Correlation with Whiplash  Average Correlation Coefficient  t-stat  p-value 
Outcome (n = 1411) 
Whiplash  –  –  – 
Kinematic Factors 
Lateral Delta-V  .020  .751  .453 
Longitudinal Delta-V  .125  4.729  <.001*** 
Total Delta-V  -.087   -3.278   .001*** 
Driver Characteristics 
Age  .037  1.39  .165 
Gender  .063  2.37  .018** 
Weight (Log-transformed)  -.005  -.188  .851 
Height  -.025  -.939  .348 
In-Vehicle Dynamics 
Vehicle Age at Collision  -.022  -.826  .409 
Current Vehicle Age  -.008  -.300  .764 
Vehicle Curb Weight (Log-transformed)   -.005   -.188   .851 
Airbag Deployed On Driver  -.142  -5.385  <.001*** 
Multiple Airbags Deployed In Vehicle  -.032  -1.202  .230 
Evidence of Alcohol Consumption (DUI)  -.084  -3.164  .002*** 
Seatbelt Worn  .040  1.503  .133 
Seat Set to Front-most Track  -.050  -1.879  .060* 
Seat Set Front–Middle Track  -.028  -1.051  .293 
Seat Set to Middle Track  (Control) 
Seat Set Middle–Rear Track  .043  1.616  .106 
Seat Set to Rear-most Track  .003  .113  .910 
Crash Factors 
Single Vehicle Collision  -.068  -2.558  .011** 
Rear-end Collision  .105  3.963  <.001*** 
Head-on Collision  (Control) 
Turning Across Path Collision  -.026  -.976  .329 
Intersecting Path Collision (Striking)  -.013  -.488  .626 
Intersecting Path Collision (Struck)  .005  .188  .851 
Automobile  (Control) 
SUV  -.015  -.563  .573 
Light Trucks & Vans  .003  .113  .910 
No Manoeuvre to Avoid  (Control) 
Brake to Avoid  .002  .075  .940 
 Acceleration or Swerve to Avoid  -.001  -.038  .970 
Table 3 – Correlation estimates between the presence of whiplash-related injuries (as a binary outcome) and the crash 
factors involved in the study. Only crash factors that are significant, or approaching significance, will be considered for 
inclusion in the final model. 
*** Indicates 1% Significance Level, ** Indicates 5% Significance Level, * Indicates 10% Significance Level.   
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5.5 Results 
The following section details the results derived from Standard, LASSO, Ridge, Elastic Net, and Firth 
Logistic Regression models, respectively, which each attempt to determine the likelihood of sustaining 
whiplash. Each of the five models under consideration in §5.5.1 are estimated using a training set, 
amounting to 80% of the overall sample set, and subject to repeated 𝐾-fold cross-validation, where 
𝐾 = 5 and the number of repeats = 10. As such, each of the model estimates in §5.5.1 are derived 
from the average of 50 model runs. The 𝜆 values for the LASSO, Ridge and Elastic Net models are chosen 
as the values of lambda that minimise the validation sample error throughout the repeated 𝐾-fold 
cross-validation process. The performance statistics associated with these models are available in 
§5.5.2. The potential applications of the models are reserved for discussion in §5.6.  
5.5.1 Model Parameters 
5.5.1.1 Full Model 
Table 4 describes the results of the logistic regression models containing all parameters in Table 2. 
Given that our data has been normalised, the effect sizes in themselves are not sufficient to report the 
relative log-odds of sustaining minor whiplash. Instead, they indicate the comparative strength of the 
collision factors in producing a ‘probability of whiplash’ estimate.  
The method of reporting differs among the regression approaches in our analysis. Effect sizes, standard 
errors (SEs) and levels of significance are reported for the standard and Firth logistic models. Coefficient 
sizes are reported for the Ridge regression, but are not reported for LASSO and Elastic Net regressions. 
The latter methods shrink the effects of ineffectual predictor variables to zero; however, the effect sizes 
and relative significance of variables vary among each of the 10 × 5 cross-validation runs as the model 
is presented with a new subset of data. As a result, each of the estimated models within the cross-
validation runs are influenced by a distinct set of predictor variables. Instead, the relative contribution 
of these variables are reported as the number of times each predictor variable was retained as an 
influential collision event among the 50 model runs. The degrees of freedom for each of estimated 
LASSO and Elastic models also vary on each run. As such, the model fit statistics (AIC and BIC) of the 
full-model estimations cannot be compared. Nevertheless, the changes in AIC and BIC can be compared 
when insignificant collision factors are removed from the analysis in §5.5.1.2. The Ridge logistic 
regression introduces biased estimates using a penalty parameter, however all estimates are retained 
rather than shrunk to zero. Therefore, the directionality and relative effect sizes of these estimates in 
relation to other predictor variables are reported. Standard errors and significance values are not 
provided as the shrinkage parameter 𝜆 introduces a marginal amount of bias to the model in order to 
increase predictive accuracy.  
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A number of variables present as significantly influencing the likelihood of suffering minor whiplash 
(Table 4). The effect sizes indicate that females tend to suffer more minor whiplash-related injuries 
than males and serve as a predictive factor in the majority of LASSO and Elastic Net model runs (88% 
and 100%, respectively). This result agrees with the meta-analysis conducted by Walton et al. (2013). 
Airbag deployments upon the driver reduce the likelihood of sustaining minor whiplash, in accordance 
with expectations (Dommerholt 2010), and features in all model runs where ineffectual parameters are 
set to zero. Collisions that occur while the driver is impaired by alcohol significantly reduce the 
likelihood of sustaining whiplash, as do single-vehicle collisions. This may be due to the increased injury 
severities that are associated with collisions involving these factors (Kim et al. 2013, Shannon et al. 
2020), which is also evidenced in Figure 2. These incidents may therefore contain fewer minor whiplash 
cases as the occupants suffer injuries that would preclude the recording of whiplash-related cervical 
strains. Despite their strong correlation with minor whiplash (Table 3), neither longitudinal nor total 
delta-V are indicators of significant model fit, and are only included in a moderate number of reduced-
form model runs (varying from 66% – 80%)8. This can primarily be reasoned by the effect size associated 
with airbag deployment. Airbag deployment is governed by crash energy, which is itself governed by 
longitudinal delta-V (Gabler and Hinch 2008, Bareiss and Gabler 2020). Therefore, it is plausible that 
driver airbag deployment captures most of the variation that was otherwise explained by the delta-V 
values. The following subsection (§5.5.1.2) details the results of a reduced-form model, where only the 
variables that demonstrate both a reasonable predictive fit and share a significant correlation with 
minor whiplash (Table 3) are included.  
 
                                                          
8 Further sampling indicated that this remained the case when both variables were included independently within 
the model. 
Figure 2 – Difference in average Maximum Abbreviated Injury Scale (MAIS) score, for those who sustained whiplash-related 
injuries and for collision factors identified as significant. The MAIS score details the severity of the most severe injury suffered 
in an MVC on a scale from 1 (minor injury) to 6 (currently untreatable). 
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 Standard Logistic Firth Logistic 
LASSO Logistic  
(𝜶 = 𝟏) 
Ridge Logistic 
 (𝜶 = 𝟎) 
Elastic Net Logistic  
(𝜶 = 𝟎. 𝟔) 
Fit Statistics 
AIC: 1083.15,  
BIC = 1230.17 
df = 1127 
AIC: -3.34,  
BIC = 138.43 
 df = 27 
AIC: -23.53,  
BIC = 19.12 
 df = dynamic 
AIC: -5.30,  
BIC = 130.48 
df = 27 
AIC: -19.64,  
BIC = 50.16 
df =  dynamic 
Shrinkage Parameter  𝜆   𝜆 = .013 𝜆 = .001 𝜆 = .013 
Fit Parameters Coefficients (SEs) Coefficients (SEs) 
Included in Model Fit (%) 
(based on 50 Runs) 
Coefficients 
Included in Model Fit (%) 
(based on 50 Runs) 
Intercept -1.047 (.414)** -1.001 (.406)** 50 (100%) -1.250 50 (100%) 
Kinematic Factors 
Lateral Delta-V (km/h) .034 (.082) .033 (.080) 7 (14%) .035 18 (36%) 
Longitudinal Delta-V (km/h) .050 (.113) .051 (.111) 38 (76%) .058 39 (78%) 
Total Delta-V (km/h) -.072 (.108) -.062 (.106) 33 (66%) -.066 40 (80%) 
Driver Characteristics 
Age (Ln) (years) .062 (.085) .059 (.083) 11 (22%) .057 32 (64%) 
Gender (Females) .436 (.231)* .422 (.227)* 44 (88%) .357 50 (100%) 
Weight (Ln) (kg) .005 (.094) .005 (.093) 0 (0%) .003 4 (8%) 
Height (cm) .049 (.120) .047 (.118) 0 (0%) .026 1 (2%) 
In-Vehicle Dynamics 
Vehicle Age at Collision -.190 (.161) -.182 (.158) 10 (20%) -.112 31 (62%) 
Current Vehicle Age (y =2020) .161 (.162) .154 (.159) 0 (0%) .083 1 (2%) 
Vehicle Curb Weight (Ln) (kg) .017 (.110) .016 (.108) 0 (0%) .009 5 (10%) 
Airbag Deployed On Driver -.662 (.204)*** -.646 (.201)*** 50 (100%) -.565 50 (100%) 
Multiple Airbags Deployed .176 (.258) .178 (.252) 2 (4%) .114 8 (16%) 
Alcohol Consumption (DUI) -1.352 (.711)* -1.148 (.631)* 50 (100%) -1.032 50 (100%) 
Seatbelt Worn .069 (.229) .058 (.224) 6 (12%) .079 19 (38%) 
Seat Set to Forward-most Track -.702 (.520) -.610 (.493) 38 (76%) -.621 50 (100%) 
Seat Set to Front–Middle Track -.305 (.278) -.289 (.273) 15 (30%) -.260 43 (86%) 
Seat Set to Middle Track  (Control) 
Seat Set to Middle–Rear Track .122 (.206) .119 (.204) 24 (48%) .123 34 (68%) 
Seat Set to Rear-most Track .094 (.222) .092 (.219) 0 (0%) .087 16 (32%) 
Crash Factors 
Single Vehicle Collision -.648 (.365)* -.628 (.356)* 26 (52%) -.428 43 (86%) 
Rear-end .034 (.354) .026 (.349) 50 (100%) .210 50 (100%) 
Head-on (Control) 
Turning Across Path -.496 (.302) -.494 (.297) 2 (4%) -.291 16 (32%) 
Intersecting Paths (Striking) -.453 (.369) -.438 (.363) 0 (0%) -.243 3 (6%) 
Intersecting Paths (Struck) -.591 (.377) -.575 (.371) 3 (6%) -.351 19 (38%) 
Automobile (Control) 
SUV -.190 (.238) -.177 (.234) 9 (18%) -.153 23 (46%) 
Light Trucks & Vans -.002 (.321) .010 (.315) 1 (2%) .023 9 (18%) 
No Manoeuvre to Avoid (Control) 
Brake to Avoid .122 (.194) .121 (.191) 4 (8%) .113 24 (48%) 
Acceleration or Swerve to Avoid .138 (.272) .146 (.267) 1 (2%) .128 16 (32%) 
Table 4 – Results of the full-form standard and penalised logistic regression models. The results indicate the average 
estimates associated with the 50 runs of random sub-sampling using 10x-repeated, 5-fold cross-validation. For the LASSO 
and Elastic Net regression, each collision factor’s inclusion frequency (and percentage) for the 50 model runs is reported. 
*** Indicates 1% Significance Level, ** Indicates 5% Significance Level, * Indicates 10% Significance Level. 
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5.5.1.2 Reduced-Form Model 
Table 5 highlights the results of the standard and penalised logistic regression models following the 
inclusion of variables that present both as significant predictor variables, and are significantly associated 
with minor whiplash in Table 3. The included factors feature in all of 50 runs of the LASSO and Elastic 
Net models without being shrunk to zero. As such, their estimates are reported in lieu of their inclusion 
percentages. The average of the coefficients associated with the 50 runs are taken for each variable 
and applied to the holdout sample. Based on the model fit statistics (AIC and BIC), the reduced-form 
models demonstrate a statistically significant improvement over their full-form counterparts. Of the 
reduced-form models, the Ridge logistic regression model achieves the closest model fit, with 
minimised AIC (-34.71) and BIC (-9.56) values. The shrinkage parameters introduce little bias in to the 
model, as evidenced by the low optimally-chosen 𝜆 values.  
As with Table 4, gender, driver airbag deployment and alcohol consumption have a significant relation 
with minor whiplash likelihood in Table 5. In addition, two collision factors present as influential. Rear-
end collisions significantly increase the likelihood of suffering minor whiplash, while drivers in seats set 
to their forward-most track position suffer fewer whiplash injuries. The former collision type is in 
accordance with prior research and is viewed as the primary cause of minor whiplash (Jakobsson 2004, 
Krafft et al. 2005, Mang et al. 2020). The latter result is the focus of fewer studies but seating distance 
may play a role in this finding. Occupants sitting in the foremost track position may reduce their distance 
to the headrest. A reduction in the distance between the headrest and the occupant has been shown 
to prevent the sudden acceleration-deceleration movement of the head in the event of a collision, and 
thus prevent instances of whiplash (Kleinberger 1999).  
All crash factors in Table 5 demonstrate reasonable model fit. Based on the effect sizes, alcohol 
consumption and seating position have the largest effect on determining the likelihood of suffering 
minor whiplash, followed by airbag deployment, rear-end collisions, and gender. When taking the 
standard error into account (i.e. a measure of the deviation of the effect size for each observation away 
from its average effect size), airbag deployment and rear-end collisions present as the most significant 







5.5.2 Model Performances 
The primary objective of this study is to identify collision factors that demonstrate predictive power for 
detecting minor whiplash. Therefore, the efficacy of the estimates in §5.5.1 must be assessed through 
within-sample validation testing, and out-of-sample holdout testing. Our analysis is based on a 10𝑥-
repeated, 5-fold cross-validation process, allowing for a robust examination of the sample data. The 
predictive values of the generated models are compared against an informed naïve baselines, where a 
random number of cases are assigned to be whiplash cases based on the distribution of actual whiplash 
cases (training and validation: 18.71%, test: 17.85%). 
The prediction results are assessed using five indicators – sensitivity, accuracy, specificity, precision, 
and kappa. The full-form model for the five regression models (containing all parameters) outperform 
the informed naïve baseline across all metrics. All models maintain over 74% accuracy (correctly 
classified whiplash and non-whiplash cases), in contrast to the 69.5% accuracy of the baseline model. 
Over 84.5% of non-whiplash injury cases (specificity) and over 21% of minor whiplash injuries were 
correctly identified (sensitivity) by all models, in contrast to the 81% specificity and 18% sensitivity of 
the random baseline. Additionally, over 29% of cases predicted to be whiplash were observed to be 
whiplash (precision) by the fitted models, in contrast to the 18% precision of the random baseline. 
 Standard Logistic Firth Logistic 
LASSO Logistic  
(𝜶 = 𝟏) 
Ridge Logistic 
 (𝜶 = 𝟎) 
Elastic Net Logistic  
(𝜶 = 𝟎. 𝟔) 
Fit Statistics 
AIC: 1055.21,  
BIC = 1086.71 
df = 1127 
AIC: -33.12,  
BIC = -6.87 
df = 5 
AIC: -34.32,  
BIC = -9.17 
df = 5 
AIC: -34.71,  
BIC = -9.56 
df = 5 
AIC: -34.53,  
BIC = -9.39 
df = 5 
Shrinkage Parameter  𝜆   𝜆 = .003 𝜆 = .003 𝜆 = .003 
Fit Parameters Coefficients (SEs) Coefficients (SEs) Coefficients Coefficients Coefficients 
Intercept -1.332 (0.165)*** -1.325 (0.164)*** -1.321 -1.334 -1.326 
Driver Characteristics 
Gender (Females) 0.307 (0.162)* 0.304 (0.162)* .269 .303 .283 
In-Vehicle Dynamics 
Airbag Deployed On Driver -0.604 (0.158)*** -0.601 (0.157)*** -.580 -.596 -.586 
Alcohol Consumption (DUI) -1.482 (0.698)** -1.285 (0.633)** -1.207 -1.376 -1.273 
Seat Set to Forward-most Track -0.833 (0.498)* -0.743 (0.479)* -.688 -.815 -.739 
Crash Factors 
Rear-end 0.553 (0.200)** 0.555 (0.199)** .516 .547 .528 
Table 5 – Results of the reduced-form standard and penalised logistic regression models. The results indicate the average 
estimates associated with the 50 runs of random sub-sampling using 10x-repeated, 5-fold cross-validation. For the LASSO 
and Elastic Net regression, all factors are included among the 50 runs so the mean estimates are provided.  
*** Indicates 1% Significance Level, ** Indicates 5% Significance Level, * Indicates 10% Significance Level. 
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These statistics correspond to Kappa9 values that vary between 11–13%, indicating that the fitted 
model performs reasonably stronger than the random (informed naïve) model. Of these models, the 
Ridge logistic regression has the strongest performance – reaching almost 74% accuracy while 
identifying 28% of whiplash cases.  
These results extend to out-of-sample testing on the 20% holdout sample, where the Ridge regression 
reaches a kappa value of almost 17%. This model correctly identifies 33% of the whiplash cases while 
the naïve baseline identifies 16%. Furthermore, the Ridge regression attains a precision of 31%, while 
the naïve baseline has a corresponding precision of 18%. These findings are evidenced in the ROC curve 
(Figure 3), where the Ridge regression achieves an area under the curve (AUC) value of 0.623. Also 
provided in Figure 3 is a measure of the models’ sensitivity against their precision. Approximately 40% 
of the standard logistic regression model’s predicted whiplash cases are observed to be whiplash cases, 
for the first 25% identified. The Ridge regression prove slightly more consistent, achieving a precision 
of 28% for the first 50% of whiplash cases correctly identified. 
However, the reduced-form models significantly outperform the full-form models (Table 6). Prior 
analyses on whiplash identification, such as Kasch et al. (2001), have placed emphasis on the accuracy 
and specificity of a Logistic Regression model. Our focus is on ensuring that whiplash cases are correctly 
identified and instead, we attempt to maximise the sensitivity of the model. The reduced-form models 
retain the high accuracy (70.5%) and high precision (30%) of the full-form models, but identify 43–44% 
of observed whiplash cases. These values correspond to Kappa values that consistently reach over 17%. 
Given the inherent randomness of injuries sustained in MVCs with similar collision events and kinematic 
factors, the chances of sustaining whiplash vary widely for any given incident. As such, these kappa 
values are indicative of reasonably strong predictive models.  The reduced-form models are comprised 
of five binary variables plus the intercept, and thus the predictive efficacy of the logistic regression 
methods are mostly comparable. This is evidenced by their performance on the holdout sample 
according to the ROC and Precision-Sensitivity plots (Figure 3). Similar results are achieved by all 




                                                          
9 Kappa indicates the performance of a predictive model when compared to a model that bases its predictions on 
the prevalence of the outcome within the data. A Kappa of 0 indicates a predictive model that performs no better 













Firth Logistic  
 
LASSO Logistic  
(𝛂 = 𝟏) 
 Ridge Logistic 
 (𝛂 = 𝟎) 
 
Elastic Net Logistic  
(𝛂 = 𝟎. 𝟔) 
Full Final Full Final Full Final Full Final Full Final 
    𝜆 = .013 𝜆 = .003 𝜆 = .001 𝜆 = .003 𝜆 = .013 𝜆 = .003 
Averaged Validation Set Performance Measures (n = 1411, Whiplash Cases = 264, Folds = 5, Runs =10) 
Accuracy  69.45%  74.33% 70.48%  73.69% 70.48%  77.06% 70.38%  73.81% 70.45%  74.92% 70.47% 
Sensitivity  18.18%  25.21% 44.24%  26.95% 44.24%  21.32% 43.44%  27.72% 43.53%  25.70% 43.37% 
Specificity  81.26%  85.76% 76.54%  84.56% 76.53%  89.98% 76.63%  84.49% 76.69%  86.36% 76.76% 
Precision  18.25%  29.08% 30.20%  28.86% 30.19%  34.91% 30.18%  29.50% 30.22%  31.72% 30.20% 
Kappa  –  11.40% 17.52%  11.69% 17.51%  12.99% 17.20%  12.47% 17.28%  12.95% 17.23% 
Holdout Test Set Performance Measures (n = 353, Whiplash Cases = 63) 
Accuracy  71.95%  73.65% 71.10%  73.09% 71.10%  
Not 
conducted 




Sensitivity  15.87%  33.33% 38.10%  34.92% 38.10%  38.10%  33.33% 38.10%  38.10% 
Specificity  84.14%  82.41% 78.28%  81.38% 78.28%  78.28%  83.79% 78.28%  78.28% 
Precision  17.86%  29.17% 27.59%  28.95% 27.59%  27.59%  30.88% 27.59%  27.59% 
Kappa  –  14.91% 14.25%  15.08% 14.25%  14.25%  16.61% 14.25%  14.25% 
Table 6 – 10x-repeated 5-fold Cross-Validation model performance results for detecting whether whiplash-related injuries 
were suffered in a collision. Sensitivity (correct detection of whiplash) measures significantly improved as the model was 
reduced to include only significantly-related collision factors, while retaining comparative accuracy and precision figures.   
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Figure 3 – ROC and Precision-Sensitivity plots for (top) the full-form model and (bottom) the reduced-form model. The ROC 
curve demonstrates the trade-off between true positives (correct identification of whiplash) and false positives (incorrect 
identification of whiplash), while the Precision-Sensitivity plots describe the proportion of correctly-identified whiplash cases 
relative to the proportion of total whiplash predictions. Also provided are the performance of the fitted models against an 




5.6.1 Potential Application of ‘Whiplash Probabilities’  
As demonstrated in our results, effective insights can be garnered by combing MVC analysis with loss-
event considerations. Whiplash-related injuries are the most common injury type sustained in MVCs 
(Mang et al. 2020). Fraudulent injury claims relating to minor whiplash are currently a matter of concern 
in the UK and Ireland (Cost of Insurance Working Group 2018), and have previously posed issues in 
Sweden (Swedish Whiplash Commission 2005) and Norway (Personal Injuries Commission 2017). 
Bermúdez et al. (2008) suggest that approximately 1% of motor insurance claims are proven to be 
falsified, however the true rate may be much higher (Gatzert and Osterrieder 2020). Cartwright and 
Roach (2016) find that 35% of their sample were likely to exaggerate or fraudulently claim injuries, and 
that 21% would not rule out falsely attributing an injury to an MVC in order to secure compensation. 
Similarly, Karstedt and Farrall (2006) find that 22% of English and Welsh residents, and almost 41% of 
German residents, would consider insurance fraud. This suggest that a much higher rate than 1% of the 
population see insurance fraud as an acceptable method of securing compensation, and there are 
hitherto unidentified cases of motor insurance fraud.  
The introduction of an injury detection system, similar to the methodology proposed in this study, 
would have an appreciable effect on decreasing fraudulent personal injury insurance claims and 
decreasing litigation risk. However, we caution against the approach of using reconstructionist models 
based on biomechanical and kinematic data alone to action against potential fraud. Instead, we suggest 
the use of these models in tandem with existing qualitative models. Previous studies addressing motor 
insurance fraud have developed models based on circumstantial behaviour following a crash and the 
claimant’s history, such as the time taken to file a claim, the claim amount, their policy characteristics, 
and their character profile (Viaene et al. 2007, Bermúdez et al. 2008). Amalgamating the current fraud 
detection strategies with kinematic and anthropometric data to identify informational mismatches 
could improve fraud detection rates. Combining a benchmark of the veracity of a claim using statistical 
techniques with a control flow system will generate better results. In a hybrid system, the probability 
of an exaggerated or fraudulent claim will determine the claim’s ‘risk tier’, in order to allow fraud 
specialists to take an appropriate course of action. 
One of the primary arguments for introducing risk tiers is the minimisation of the error rate while 
maximising the sensitivity, or correct fraud prediction. We identified 43–44% of whiplash cases while 
identifying 76% of non-whiplash cases in this study. Ensuring high accuracy in fraud detection can 
generate substantial savings, as explored by Parente et al. (2016) and Viaene et al. (2007). The former 
explored health care fraud in the Louisiana Medicaid system. The authors pass the results of their model 
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to designated assignments – a fraud probability of less than 80% is paid immediately, while an escalating 
series of actions are taken if the probability of fraud is greater than 80%. Viaene et al. (2007) proposed 
a similar approach using an operational fraud control model on Spanish automobile damage claims, 
wherein suspicious cases are passed to a specialised fraud investigation unit. Both Parente et al. (2016) 
and Viaene et al. (2007) reported significant savings with the introduction of their respective systems. 
We reiterate that our methodology can be improved upon as crash event data becomes more readily-
available. Event data recorders have the ability to record the ‘acceleration pulse’, or the dynamic 
acceleration-deceleration momentum throughout the crash event. The acceleration pulse is a more 
adequate indicator of the force placed on occupants throughout a crash event than delta-V, and has 
previously demonstrated a reasonable ability to detect cases of minor whiplash (Hynes and Dickey 
2008). In this sample, we relied on the maximised delta-V (change in crash velocity) for the crash event, 
which did not present as a significant predictive factor. Furthermore, our study did not consider the 
occupants’ pre-existing medical histories nor their position in relation to their headrest. Pre-existing 
conditions such as chronic pain or cervical spondylosis (Carroll et al. 2008), and the distance between 
an occupant’s head and the headrest (Kleinberger 1999) have a significant effect on influencing 
whiplash-associated injuries. Nevertheless, our focus in this study was on the feasibility of identifying 
minor cervical strains using accessible collision characteristics, which would forego the inclusion of prior 
medical histories and relational measurements. The results of our study are encouraging and 
reasonably outperform baseline models. The methods described can therefore be employed by primary 
insurers, who can take advantage of the influx of collision data to create statistical models that identify 
anomalous behaviour.  
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5.7 Conclusion 
We establish a link between insurance loss-event literature and MVC analysis in this analysis by linking 
motor vehicle collision factors to hospital patient data. Our data-driven approach identifies the 
significant indicators of an MVC that influence the occurrence of whiplash-related injuries in drivers. 
The primary purpose of our research is to demonstrate the feasibility of detecting minor whiplash 
injuries, in particular minor cervical strains, using reasonably-accessible collision and occupant factors. 
Although our analysis does not diagnose minor whiplash based on collision factors, improved fraud 
detection techniques can be implemented by identifying informational mismatches between the 
severity of the stated clinical picture and the crash characteristics. The range of variables presented in 
this study indicates that gender, alcohol consumption, rear-end collisions, seat-track position, and 
airbag deployment all play a significant role in determining the probability of sustaining whiplash-
related injuries. Our models outperform naïve baselines based on random chance, and produces stable 
estimates that agree with prior research on whiplash determination. As such, there is potential for a 
minor-whiplash likelihood system to be developed by corporations and state agencies alike, and used 
in tandem with existing qualitative systems whose purpose is to detect fraudulent claims of personal 
injury. Reducing uncertainty regarding reserve risk and mitigating litigation risk can improve the end-
to-end value chain for primary insurers, as well as providing further insights for crash engineers. 
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The introduction of connected and autonomous vehicles (CAVs) to the road-environment ecosystem 
can have a profound impact on the typology of crash frequency and crash severity. CAVs are expected 
to optimise the safety of road users and the wider environment, while alleviating traffic congestion 
and retaining a high level of occupant comfort. The net result of these efforts is a dramatic reduction 
in the frequency of motor vehicle collisions, while mitigating the severity of incidents that are 
unavoidable. However, a changing risk ecosystem will introduce new challenges for motor insurers. 
Prior studies have highlighted the economic benefit provided by significant reductions in the 
frequency and severity of hazardous events. This economic benefit, however, will be partially offset 
by the economic detriment incurred by emerging risks and the increased scrutiny placed on existing 
risks. We posit a plausible scenario that an introduction of these technologies could result in a larger 
relative rate of insurance claims that are currently characterised as tail-risk events, i.e. low-frequency, 
high-severity loss events. In such a scenario, the culmination of these loss events will present as a 
‘hump’ in actuarial loss models. As a key stakeholder of the motor vehicle industry, primary insurers 
have the ability to anticipate and proactively adapt to a road-environment ecosystem that includes 
CAVs. This study presents the plausible ‘tail-risk’ scenario in terms of the factors that play a role in the 















The introduction of connected and autonomous vehicles (CAVs) will have a profound impact on the 
risk landscape of road safety. These vehicles will result in tiered reductions in the frequency and 
severity of motor vehicle collisions (MVCs), where each tier represents the additional safety benefits 
provided by increased levels of vehicle automation. Current literature on CAV safety detail how this 
will occur through risk-mitigating safety technologies and advanced driver assistance systems 
(ADASs). These advanced-safety technologies are expected to reduce accident rates due to their 
ability to predict and react to oncoming hazards at a level that human drivers cannot reach, while 
remaining free of human fallibilities such as distracted or otherwise impaired driving behaviour. 
Furthermore, in the event that MVCs do transpire, safety-optimised vehicle designs and technologies 
will largely mitigate the severity of the incident, and therefore reduce the severity of injuries that 
occur.  
As a key stakeholder in the transport field, primary insurers must adapt to the shifting risk landscape 
that faces vehicle occupants. Motor insurance providers capitalise on accurate representations of risk 
using actuarial modelling techniques. These techniques provide a relatively accurate prediction on the 
number and extent of expected single-loss events. This study argues that ADAS and eventual CAV 
rollouts will require a more nuanced analysis beyond the expected changes in MVC frequency and 
severity. Reduced cost and frequency, along with changing risk patterns, will change the risk 
distribution profile. We demonstrate how this, along with access to in-vehicle data and technical 
expertise, may pose a significant challenge to current business models. 
In particular, we envision that the high-frequency, low-cost accidents that currently dominate 
actuarial considerations (Figure 1, left) may change to a distribution profile that is driven by an 
increased ratio of high-severity single-loss events (Figure 1, right). This scenario subsists on the 
assumption that autonomous vehicles are adept at avoiding hazardous events. As such, a higher 
percentage of collision events that remain will be those that are of a higher severity. Given the 
encroaching costs of the advanced technology within these vehicles, and the level of liability placed 
upon the vehicle to ensure occupant safety, it is plausible that these collision events will incur high 
losses for primary insurers. Assuming a drop in hazard events and minor collision frequencies, this 
scenario suggests that a higher relative frequency of large-loss events will generate a second peak, or 
‘hump’, in the general distribution of single-loss actuarial models. An increase in large cost events has 
significant implications for insurers. The objective of this study is to detail the temporality of this 
‘hump’. Moreover, the paper will explain how this second peak will emerge alongside increasing levels 
of vehicle automation. We also consider the optimised safety introduced by (semi-) autonomous 
vehicles, the market penetration of these vehicles, and a shifting liability landscape.  
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Current attempts by the motor insurance market to capitalise on updated risk metrics do so by 
utilising vehicle usage-based insurance (UBI), which assesses either the frequency of driving (Pay-As-
You-Drive), or the telematics-based quality of driving (Pay-How-You-Drive) (Desyllas and Sako 2013, 
Baecke and Bocca 2017, Tselentis et al. 2017). Further flat discounts are also available in certain 
regions if the insured vehicle is equipped with the latest safety-optimised technology (Baumann et al. 
2019). Beyond these subsidised measures, relatively few anticipatory insurance schemes or actuarial 
model adaptations have been proposed. One approach asserts that Bayesian inferences can be used 
to update existing actuarial models according to gradual changes in MVC frequencies and severities 
(Sheehan et al. 2017). It can be argued that actuarial models need not be updated until autonomous 
vehicles, and therefore hazard events involving autonomous vehicles, are commonplace. However, 
reactive assessments rather than proactive assessments introduce the risk of underestimating the 
level of exposure, as recently evidenced by large losses in the natural catastrophe insurance-linked 
securities market (Schultz 2019).  
 
Figure 1 – Envisioned change to actuarial claim distribution models as autonomous vehicles become increasingly prevalent. 
Currently, 2.5% of claims results in large losses, i.e. tail-risk events. However, a reduction in minor collisions, combined with 
shifting liability frameworks, may result in a claim distribution that features a higher relative rate of large-loss events, 
potentially making up 20% of all claims. Source: data derived from National Highway Traffic Safety Administration (NHTSA) 
applied to the methodology of Shannon et al. (2020). 
Figure 1 is derived by considering a plausible scenario for a change in risk landscape. Tail-risk events 
currently make up roughly 2.5% of total loss frequency. This frequency has the potential to reach 20% 
by the time that fully-autonomous vehicles are commonplace. Advances in vehicle safety will 
significantly reduce collision frequencies and severities due to sophisticated technological equipment 
that can navigate through oncoming hazards. At the same time, public liability paradigms will likely 
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Page 169 
vehicle repair and replacement costs. The scenario in Figure 1 (right) is therefore based on a 40% 
reduction in collision and hazard event frequencies, coinciding with increased repair and replacement 
costs, and liability penalties for vehicle at-fault claims. Collisions that currently incur minor 
(superficial) injuries will largely be prevented, and moderate-severity collisions (causing non-
superficial injuries) will be mitigated to minor injury events. However, repairs on costly safety and 
navigational equipment may result in a portion of low-moderate loss events being maintained. Loss-
events in which serious injuries are suffered will persist in incurring significant losses. These losses 
would be compounded by extensive repair and replacement costs, particularly if safety-critical 
equipment is damaged. A portion of these events may likely be caused by part failures, which would 
incur additional liability costs. Assuming these situations become evident, there is a latent possibility 
that an increase in the relative percentage of these events, given a significant reduction in less severe 
events, have the ability to introduce a second ‘hump’ to loss curves. 
The uptake in CAV ownership is expected to be gradual, with industry experts proposing widely-
varying assessments on public acceptance and market penetration rates (Claus et al. 2017). The path 
to CAV ubiquity remains uncertain due to a myriad of regulatory, liability and infrastructure 
roadblocks, despite the feasibility of a rapid introduction of advanced safety technology (Martínez-
Díaz and Soriguera 2018). This study details the challenges faced by insurers in accurately estimating a 
changing risk exposure. We also detail the potential impact of anticipatory and reactive regulations 
and governance, the future landscape in terms of vehicle ownership and occupancy rates, and the 
dynamic effects of public perception. The latter factors in particular may play an influential role in the 
formation of the ‘second hump’. 
This article is organised as follow: First, we first examine the insurance market and state of the art in 
terms of the proactive risk assessments and policies that insurers are providing. We then detail the 
future of CAVs and the costs associated with these further layers of safety. Higher vehicle costs will 
impact insurance premiums (Ryan et al. 2019). Second, based on extant industry and academic 
research, we explore the likely changes that will occur in accident claims (Gatzert and Osterrieder 
2020). Our discussion draws on this background research and highlights the challenges for motor 
insurers and their role as a key stakeholder of the motor vehicle industry.   
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6.3 Insurance Adaptations to ADAS, Telematics and Semi-Autonomy: State-
of-the-Art 
The traditional paradigm of motor insurance has evolved over many decades. Risks can be represented 
through cost distribution models that combine the frequency of incidents (Negative Binomial or Poisson 
distribution) with the severity of those incidents (Log-normal or Gamma distribution). The vast majority 
of claims realised by insurers are of relatively low severity and are clustered close to zero. Tail-risk 
events, on the other hand, describe large loss events that occur with a low frequency. They are so-
called as they occur in the ‘tail’ of the distribution, i.e. away from the main body of claims.  
The price of insurance premiums reflects the average expected loss per policy, plus a profit margin. 
Therefore, insurers operate on the basis of the Law of Large Numbers, i.e. given an increasingly large 
number of loss events, the average loss amount of realised events will tend toward the average loss 
amount that was initially expected. Risk pricing for conventional vehicles has been optimised over time 
to adequately pool insurers’ risk exposure to both frequent small losses and infrequent large losses. 
The optimisation of risk pricing means that gains made from the frequent occurrence of small loss 
events more than offset the large losses garnered from ‘tail-risk’ events. Therefore, insurers remain 
relatively insulated from threats of capital reserve risks because of a well-diversified (pooled) portfolio 
of policy losses. From a prudential regulatory perspective, the motor insurance business is seen as 
offering a degree of financial stability to insurers.  
The risk-pooling regime has previously updated to changing risk values. This includes accounting for 
new risks such as changes in driving behaviour (distracted driving caused by mobile phone use) (McEvoy 
et al. 2005, Horsman and Conniss 2015), and changes to vehicle safety (the standardisation of seatbelts 
and airbags) (Campbell 1986). The introduction of autonomous vehicle (AV) capabilities is expected to 
disrupt traditional insurance premium pricing due to the wealth of data that CAVs generate (Casualty 
Actuarial Society 2018). Motor telematics is viewed as promising way forward in understanding the 
dynamics of Motor Vehicle Collisions (MVCs). Telematics records vehicle data including location, 
acceleration, time of day, etc. They therefore provides a window in to the overall health of the vehicle 
and a policyholder’s driving behaviour (Goyal 2014). Using telematics data, motor insurance companies 
have increasingly turned to Usage-Based-Insurance (UBI) policies based as Pay-As-You-Drive (PAYD) and 
Pay-How-You-Drive (PHYD) data. PAYD designates a system that charges the policyholder based on 
miles driven (Husnjak et al. 2015). In contrast, PHYD systems calculate premiums based on individual 
driving behaviour, using parameters that indicate driving speed, harsh acceleration, abnormal braking 
and others (Tselentis et al. 2017). Smartphones or vehicle monitoring devices are used to track these 
parameters (Händel et al. 2014), which can be used to assign risk scores to policyholders based on their 
driving performance (Ryan et al. 2020). The use of risk-scoring has allowed for the most at-risk drivers 
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to be identified, as the lowest quintile of performance scores account for 30–40% of all accidents 
(Neininger 2019). 
In addition to tracking the driving behaviour of policyholders, smartphones have proven to be effective 
feedback loops to drivers, significantly improving their driving performance (Birrell et al. 2014, Jiang et 
al. 2018). UBI has therefore become increasingly popular within the last decade, partially driven by the 
scalability, affordability and high penetration rate of smartphones (Ptolomeus Consulting Group 2018), 
and has resulted in improved profitability for insurers (Vaia et al. 2012). Monitoring driving behaviour 
allows for fairer premiums as traditional homogenised insurance overcharges safer drivers in order 
subsidise the higher insurance costs for riskier drivers (Tselentis et al. 2017). 
As vehicles evolve from automation level 0 (no assistive systems, full driver control) to automation level 
5 (fully autonomous, no driver control) (SAE International 2016), they will be incrementally equipped 
with advanced driver assistance systems (ADASs) as standard. Some insurance providers seem willing 
to provide discounts on insurance premiums for vehicles with ADASs (Allianz SE 2016), and already 
make extensive use of the passive ‘eCall’ assistance system, which places calls to the emergency 
services when crash sensors within the vehicle are activated (Ippisch 2010). The proliferation of these 
discounts have been slow however, as insurers have struggled to accurately assess the reduction in risk 
provided by ADAS technologies (Bellon 2019).   
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6.4 Expected Shift in Risk Landscape 
6.4.1 Progression of Technology 
6.4.1.1  Reducing Insurer Losses – Collision Avoidance & Mitigation 
The introduction of the retractable seatbelt in the 1950s and vented airbag restraints in the 1960s 
sparked a movement toward improving occupant safety. Measures have prioritised the development 
of practical safety mechanisms, and encouraged a broader evolutionary movement toward vehicle 
automation, particularly since the 1990s (Griffin et al. 2018). 
Using a suite of sensors (cameras, radar, laser, LiDAR) that monitor the dynamic driving environment, 
ADAS technology can assess a consistent feed of external information regarding the vehicle’s 
surroundings (Figure 1). These safety systems are designed to mitigate the leading causes of collisions, 
such as driver inattention (Hirayama et al. 2012, George et al. 2018) and driver fatigue (Lee and Chung 
2012, Jung et al. 2014). If an imminent danger is detected, the assistance system alerts the driver 
through tactile, audible or visual stimuli (Level 0 automation using SAE International (2016) guidelines). 
However, if no response from the driver is received, or if the driver’s reaction time exceeds established 
limits, a fall-back exists wherein the system activates autonomously (Levels 1 automation) and acts to 
avoid the potentially hazardous event (Hajek et al. 2013, Scanlon et al. 2017b). 
 
Figure 2 – Technologies that allow vehicles to understand the dynamic driving environment and protect the human driver in 
road traffic (Smith and Svensson 2015) 
Simulation studies have highlighted the effectiveness of Level 2 ADAS technologies (where two systems 
act concurrently to avoid or mitigate an oncoming hazard) in reducing collision and injury rates relative 
to vehicles with no intervention systems (Scanlon et al. 2017a). A number of studies have also used 






































prevented collisions (Spicer et al. 2018, Bareiss et al. 2019, Östling et al. 2019). These studies find that 
Electronic Stability Control (ESC), Automatic Emergency Braking (AEB) and Lane Departure Prevention 
(LDP) systems are particularly adept at reducing collision rates and preventing potentially serious 
injuries.  
The increased proliferation of ADAS technology will impact insurer’s liabilities with many minor 
incidents eliminated. There may be a higher rate of low-cost personal injury compensation claims in 
policies that are written on vehicles with ADAS technologies. At the same time, there will be fewer than 
expected moderate personal injury loss events. As such, policyholders may be significantly overcharged 
for the risk they face. AEB, for example, has been shown to substantially lower the extent of Third Party 
Injury claims in the UK (Doyle et al. 2015), while blind-spot ADAS technology reduced claim costs by up 
to 30% in Sweden (Isaksson-Hellman and Lindman 2018).  
ADAS technology typically begins providing warnings when a potential hazard is within 5 seconds to 
collision. As automation levels increase, the suite of advanced safety technologies will incorporate 
elements of on-board navigation and Vehicle-to-Vehicle (V2V) communication that will eventually 
progress to Vehicle-to-Everything (V2X) communication. Level 3 Connected Autonomous Vehicles 
(CAVs) have already been shown to perform on par with human drivers (Pütz et al. 2019), with latest 
reports suggesting that CAVs encounter fewer hazard events than humans (State of California - 
Department of Motor Vehicles 2019). This indicates that advanced technological vehicles rapidly adapt 
to the nuanced driving behaviour of other road users, and can quickly lower the expected frequency of 
incidents. The addition of autonomous navigational and communication elements will allow the vehicle 
to detect and proactively assess potential hazards rather than reacting to oncoming dangers, even 
when the hazard is out of the line-of-sight (Ali et al. 2018).  
6.4.1.2  Increasing Insurer Losses – Vehicle Costs & Emerging Risks 
A decrease in personal injury as a result of ADAS (Doyle et al. 2015, Isaksson-Hellman and Lindman 
2018) will be offset by the increased cost associated with vehicle repair and part replacement (Pütz et 
al. 2019). According to Liberty Mutual, the cost of repairing vehicles equipped with the latest 
technology will almost double (Liberty Mutual Insurance 2017) because of the cost of the damaged 
parts and additional labour costs. This higher repair cost has also been confirmed by AXA UK (Williams 
2018).  
Cybersecurity risk is another cause for concern and has been identified as the most prominent emerging 
issue for motor insurers with the introduction of semi-autonomous and autonomous vehicles (Claus et 
al. 2017). This concern appears to be validated with an exponential growth in cybersecurity incidents 
since 2016 (Help Net Security 2020). These emerging cyber-vulnerabilities are within the current scope 
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of insurers, indicating that increasingly sophisticated CAVs and malign actors have the potential for 
large, single loss events. Faulty sensors or vulnerable software may result in the vehicle being recalled, 
which would also pose a greater risk for fleet insurers.  
6.4.2 Liability Landscape 
Motor insurance consists of Motor Third-Party Liability (MTPL) and Motor Own Damage (MOD) 
(Insurance Europe 2018). MTPL policies generally reimburse third-party claims for bodily injury, 
property damage and subsequent economic losses within a predetermined compensation limit. MOD 
policies insure the vehicle (and therefore the owner) up to its property value. MOD policies also 
insure the vehicle for fire, theft or accidental damage. The liability in this sense is therefore placed on 
the insured driver, and the risks to which they are exposed through no fault of their own (e.g. theft).  
As seen in Table 1, MTPL and MOD loss patterns are stable, demonstrating how insurers operate 
because of the Law of Large Numbers. Table 1 indicates that year-on-year claim frequencies and 
severities in Germany do not vary much. While variation coefficients are high for natural catastrophe 
events (over 50%), the long-run volatility of claim estimates for the remaining risks are 15% or lower, 
indicating that insurance business is generally stable. Both bodily injury and vehicle damage claims are 
even more stable with overall industry costs varying year-on-year by only 6.9%–7.5%. The highest 
incidence of tail-risk events occurs for theft-coverage and accidents resulting in bodily injuries. These 
events have the highest average cost-per-policy (€15,603 and €14,305, respectively). However, in the 
scenario of a ‘second hump’ presenting in loss curves, the higher relative frequency10 of tail-risk 
events will increase these volatility estimates. Insurers in this scenario may have to retain higher 
capital reserves to meet claim losses that reach higher levels of volatility.  























k Motor Third Party Liability (Bodily Injury) 261,496 €3,740,636 €282,997 7.57% €14,305 
Motor Third Party Liability (Property Loss/Damage) 2,455,520 €5,500,077 €377,924 6.87% €2,240 
Animal-Vehicle Crash 243,478 €516,837 €75,698 14.65% €2,123 






t Storm, Hail 287,751 €531,283 €278,474 52.42% €1,846 







 Fire 14,588 €54,210 €5,031 9.28% €3,716 
Breakage of Glass 2,334,675 €1,018,846 €71,451 7.01% €436 
Theft 172,640 €420,002 €63,691 15.16% €15,603 
Other 11,064 €8,747 €1,792 20.49% €791 
Table 1 – Summary statistics and volatility of insured losses for passenger cars in Germany (own calculations based on 
insured single-loss amounts between 2005 and 2018); Source: data derived from German Insurance Association (GDV) 
                                                          
10 i.e. as a % of claim frequency, given that overall claim frequencies will decrease 
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The current liability landscape will shift to one that incorporates a product liability element (Casualty 
Actuarial Society 2018). Product liability refers to the onus placed on original equipment 
manufacturers (OEMs) to ensure a safe product reaches the consumer. Product defects that cause 
injuries to consumers can result in significant liability being placed on the manufacturer. Given the 
increasing level of sophisticated technology in vehicles, and their associated vulnerabilities, this 
means that vehicle and equipment manufacturers will be exposed to elevated levels of risk.  
The German Road Traffic Act was updated in 2017 to clarify the liable party when a CAV collision 
occurs while the automated mode is activated (Bundestag 2017). In this case, the statutory 
compensation limits in Germany will double from €5 million to €10 million for bodily injury claims and 
from €1 million to €2 million for property damages (Deutscher Bundesrat 2017). In theory, doubling 
the statutory compensation limits would increase the maximum possible loss burden for the insurer, 
which should be reflected in the insurance pricing. The expected shift to a focus on product liability 
will bring with it greater coverage — but that greater coverage would be accompanied by higher 
frictional costs. 
The inevitable outcome for this change is that extra costs will be introduced in the value chain in 
order to adequately cover the high penalties caused by product liability issues. Combining coverage 
and costs, the shift will plausibly result in one of two scenarios. The current view is that increased 
product liability will indirectly affect consumers through increased insurance premiums. This view 
dictates that the average vehicle premium would double or even triple, with a smaller portion of each 
premium dollar going toward claimant compensation (Casualty Actuarial Society 2018). Based on 
these expectations, CAVs would need to reduce incident rates by 75% to maintain the level of 
insurance premiums that are currently available in the market, given the extent of additional costs 
that will be placed on vehicle repairs, bodily injury estimates, and reserves to cover product liability 
losses (Casualty Actuarial Society 2018). An alternative view is that product liability will directly impact 
consumers by increasing the costs of vehicles. The burden of product liability placed on OEMs will 
guarantee that the quality of the equipment in these vehicles are not comprised, the cost of which is 
passed on to the consumers.  
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6.5 Temporality of Risk Landscape 
6.5.1 Anticipatory Regulations and Governance  
The introduction of safety technology will also require amendments to both national and 
international legislation. ADAS and CAV technologies will present challenges for regulators in terms of 
legal and civil liberty commitments particularly regarding privacy, data use, profiling and social access 
to insurance. Insurance and regulation face a similar task in anticipating a supportive governance and 
regulatory environment that will realise the safety benefits of autonomous vehicle technologies, while 
maintaining recourse to compensation through mandatory insurance.  
The governance response must factor in the need for supportive regulation and standardisation to 
avail of the potential risk mitigation benefits of autonomous vehicle technologies, whilst also being 
cognisant of changes in accident rates and injuries (Mittelstadt et al. 2015). The speed with which the 
‘second hump’ may present in actuarial curves is dependent on the increased proliferation of CAVs. 
Historical attempts at introducing regulation for vehicle safety optimisation have been slow. Three-
point seatbelts were first required to be fitted for all seats as standard in 1969 (Japan), 10 years after 
their introduction. Airbags were first introduced for front-seat passengers in 1973, and were made 
mandatory 25 years later in the United States. Similarly, anti-lock braking systems (ABS) and electronic 
stability control (ESC) systems were equipped on 80% of newly registered vehicles in Germany after 
20 and 15 years, respectively (Pütz et al. 2019). That said, the pace of technological advancements 
may be changing with mobile phones and data-interconnectivity (IoT) being adopted at an 
accelerating rate (Davidson and Spinoulas 2015).   
Regulatory bodies have a safety and economic duty to ensure the timely introduction of ADAS-
enabled vehicles and CAVs. A free market approach to CAV governance could be suboptimal and fail 
to realise the safety potential of these technologies, and would create fractured transport legislations 
for lagging municipalities (Cohen et al. 2018). A ‘laissez-faire’ governance approach would also result 
in significantly lower market penetrations of safety- and technologically optimised vehicles for non-
affluent consumers. Transport route efficiency will suffer and traffic congestion will increase (Cohen 
and Cavoli 2019), which may result in an increased frequency of property-damage loss events.  
Initial indicators point to encouraging signs of active anticipatory governance. The United States 
Department of Transport have committed to ensure that 20 of the leading manufacturers11 will 
employ at least Level 1 Automation capabilities by 2022 (Insurance Institute for Highway Safety 2016). 
All vehicles manufactured from this point must have at least one ADAS system that can autonomously 
                                                          
11 representing more than 99% of the automotive market 
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stop or correct the vehicle if required12. Furthermore, the European Commission (2019) have 
committed to ensure that every vehicle produced in the European Union from 2022 must have Level 
2 automation capabilities. This states that each vehicle must have at least two ADAS systems that can 
work simultaneously to prevent a hazardous event or correct a vehicle approaching a hazardous 
event. However, road infrastructure will require upgrading and the economic cost of these 
developments are significant (Kaltenhäuser et al. 2020). 
6.5.2 Public Perception & Acceptance 
6.5.2.1 Ownership Rates & Occupancy Rates 
An increasing rate of ADAS and higher-level AVs in the road environment will be a catalyst for change 
in terms of vehicle ownership and vehicle occupancy rates, particularly in urban areas. Vehicles with 
autonomous capabilities will have higher purchase costs and will be costly to maintain. However, the 
cost-per-mile-travelled is expected to decrease (Walker and Johnson 2016, Airbib and Seba 2017). 
These high purchase and maintenance costs, combined with the possibility of lower costs per-mile-
travelled, will significantly widen the disparity between the utility of owning a CAV and the utility of 
mobility services operated by CAVs (Chen et al. 2016, Claus et al. 2017, Litman 2017, Lokhandwala 
and Cai 2018). Based on this disparity, it is envisioned that ‘Autonomous Taxis’ will become the 
predominant transport mode of choice by the time that CAVs are widespread (Litman 2017, 
Kaltenhäuser et al. 2020). Ultimately, there will transition to shared-mobility services, and a decline in 
demand for private-use CAVs. 
This shift may have an appreciable impact on occupancy rates. Average occupancy rates have been 
found to be low for shared-mobility services (Lokhandwala and Cai 2018, Henao and Marshall 2019) 
as current road infrastructure do not provide efficient travel routes for CAVs (Litman 2017, Papa and 
Ferreira 2018). The rate of deadheading13 may therefore increase in the near- to medium-term as 
‘empty’ vehicles travel to ride-share requests, increasing the relative frequency of policies that will be 
subject to Motor Own Damage (MOD) claims. This would increase the proportion of low-severity 
claims. As premium pricing convention is based on the average loss per policy, this would result in 
policyholders being overcharged until reactive measures are taken.  
As CAVs become more commonplace, road environments will become optimised for shared-mobility 
services, possibly through optimal charging-point placements (Chen et al. 2016) or designated lanes 
for CAVs (Litman 2017). This will have the effect of decreasing deadheading over time, meaning that 
the average number of occupants per vehicle will rise in tandem with increased travel efficiency and 
                                                          
12 In this case, Automatic Emergency Braking (AEB) is required. 
13 vehicle-miles travelled with no occupants 
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decreased fleet size (Chen et al. 2016, Litman 2017, Lokhandwala and Cai 2018, Henao and Marshall 
2019). A reduction from a heterogeneous mix of CAV and conventional vehicle traffic to a road 
environment primarily containing higher levels of autonomous vehicles acting as mobility providers 
may also have ramifications for primary insurers. A greater concentration of occupants has the 
potential to significantly increase claim sizes in the event of injuries being suffered and critical safety 
equipment being damaged. Given that shared-mobility services may become the primary mode of 
transportation, it is a distinct possibility that these events may become a higher relative percentage of 
overall claim frequencies, and therefore contribute further to the ‘second hump’ (Figure 1, right). 
There is a likelihood of this scenario presenting despite advances in vehicle safety that will reduce 
collision frequencies and severities. This development stresses the importance of anticipatory 
governance in order to ensure an optimal level of road safety.  
6.5.2.2 Market Penetration 
The primary driver behind the introduction of CAVs is the public’s willingness to buy highly-automated 
vehicles. This will require achieving and maintaining public trust in CAVs (Xu and Fan 2019). The path 
to full ubiquity of CAVs remains unclear. Initial opinions suggested that 75% of new-vehicle-purchases 
will be self-driving by 2040 (Claus et al. 2017), and that 75% – 95% of all vehicles on the road would 
be self-driving by 2060 (Bierstedt et al. 2014). These predictions have since tapered to ‘optimistic’ 
scenarios describing a 50% adoption rate and 35% market share by 2040 (Forsgren 2018), while 
research studies have suggested highly-automated vehicles to have a market share between 24% – 
87% by 2045 (Bansal and Kockelman 2017). Regardless, the key to a fast introduction  of these 
vehicles requires a significant market share from low- and middle-income motorists, who would need 
to spend significantly beyond their typical vehicle purchase in order to secure a vehicle with self-
driving capabilities (Litman 2015).  
Current market expectations indicate an eagerness to adapt to or use new technologies, particularly 
when presented with personal benefits (i.e. fuel consumption, liability shift, low-cost mobility-as-a-
service, etc.) (Bansal and Kockelman 2017, Daziano et al. 2017, Shabanpour et al. 2018, Kaltenhäuser 
et al. 2020). Bansal and Kockelman (2017) find that consumers in the US would be willing to pay a 
significant amount for full automation capabilities, while Shabanpour et al. (2018) find that motorists 
have an increased willingness to purchase CAVs if the burden of liability was placed on OEMs or auto-
makers in the event of a vehicle-at-fault incident. Regulators may take these sentiments in to account 
if they are reflected in vehicle sale patterns. Litman (2017) offers the dissenting view that the shift to 
low-cost mobility services would significantly deter low-middle income families from purchasing 
privately-owned vehicles, however they would nonetheless be willing to engage in shared automation 
services.   
Page 179 
6.6 Discussion 
6.6.1 The ‘hump’ as it may become a pronounced phenomenon 
Insurance pricing models derive safety from the Law of Large Numbers, in that the average loss from 
an increasingly large pool of claims will tend toward the expected value of total claim losses. We 
consider in this exploratory study the expected path of CAV proliferation and the associated change in 
road occupancy and safety dynamics. Based on these factors, it is plausible that a higher relative 
percentage of compensation claims from Level 4 and Level 5 AVs will be loss events that are currently 
considered as tail-risk events. A disproportionate amount of single-loss events could therefore exceed 
value-at-risk estimations that are used to allocate appropriate capital reserves for loss event pay-outs. 
Motor insurance risk assessors and rate-makers will need to take proactive measures to ensure they 
are safeguarded from a shifting loss model and have priced their exposure to risk correctly.  
The scenario we present does not envision that single-loss event models will drastically change with a 
gradual introduction of ADAS-enabled (Level 2) and partially-automated (Level 3) vehicles to the road 
environment. With the greater level of safety that is afforded by ADAS-enabled vehicles (Scanlon et al. 
2015, Scanlon et al. 2017a), many incidents will be avoided or mitigated. In addition, initial forays in to 
CAV-sharing mobility services will increase the number of deadheading vehicles, decreasing 
occupancy rates on average. Minor collisions will largely be eliminated, while a large share of 
moderate – serious injuries will be reduced to minor injuries, or property-damage-only claims. The 
largest risk to insurers that are posed by limited fleets of Level 2-4 automation is the introduction of a 
liability shift, as increased capital allocations will be required to offset the change from a negligence-
based liability system, to a strict product liability setting (Casualty Actuarial Society 2018). As such, the 
inevitable (few) incidents that occur amongst the initial fleet of automated vehicles will be 
increasingly scrutinised – potentially inflating the levels of compensation due.  
Furthermore, the reduction in compensation due to a decreased frequency of minor and moderate 
injuries will be offset by the large increase in cost to replace or repair the sophisticated technology 
present in ADAS-enabled or Level 3 AVs, due to the high manufacturing and specialised labour costs 
(Liberty Mutual Insurance 2017). Therefore, current actuarial loss models may remain static in the 
near-medium term. As outlined in §6.4.1.2, insurers remain adequately hedged from these risks due 
to risk-pooling measures that ensure they are well-diversified and insulated from tail-risk events. A 
more pressing issue for primary insurers are the spread of Level 4 and Level 5 AVs. With increased 
dissemination of SAE Level 4 and Level 5 AVs in the road environment, there is the potential for shift 
from single-loss actuarial models as they currently present.  
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6.6.2 Implications for Insurers as stakeholders of the Motor Insurance Industry 
Forecasts on future premium levels have been inconsistent. KPMG (2015) analysis has pointed to a 
sharp fall; other institutions have taken more cautious line. The Bank of England (Claus et al. 2017) 
predicted a fall in premiums of 23% in the UK by 2040. However, the Casualty Actuarial Society (2018) 
predict a large increase in premiums. The lack of a clear narrative puts the long term business 
prospects of primary insurers into question. We envision that the transition across AV Levels 1–5 will 
signal a profound change for the insurance sector. Changing liability terms, changing occupancy rates, 
changing vehicle sophistication, and changing transport dynamics all have the potential to transform 
insurers’ risk exposure. Paradoxically, insurance companies will increasingly be able to accurately 
price individual risk through the use of telematics and other data information sources gathered by 
vehicles whilst at the same time the human driver will become progressively less important as a risk. 
This new dispensation will make possible more accurate risk metrics, however it will also prompt 
regulatory and legal responses around the concepts of insurability, consumer rights, privacy, and 
duties to ensure a safety-optimised transport environment.  
Considering the roll-out of ADAS from an insurance value chain perspective raises a number of 
important issues pertaining to the operation of the market and data governance requirements into 
the future. Current expectations are that increasing emphasis will be placed on product liability. As a 
result, in terms of motor insurance sales, it is likely that much of the market will be mediated through 
the OEMs making joint ventures a more attractive business strategy going forward (as recently 
evidenced by AXA and Tesla (2019), and Liberty Mutual and Nissan (2015)). This may eventually result 
in in-house insurance lines being directly offered by AV manufacturers, who double as OEMs. The 
utility of this strategy is that manufacturers are optimally-positioned to assess the risk of their 
vehicles, as they have direct knowledge on the vulnerabilities within the vehicle, direct access to 
highly-skilled engineers, and are equipped with immediate availability of replacement parts. The 
supply chain advantage of OEMs-as-insurers can therefore significantly reduce the cost of premiums, 
and the cost of vehicles, for consumers. 
A matter that does not receive enough attention in the extant literature on insurance and ADAS 
technologies is the position of the reinsurance sector in this market. The ‘Law of Large Numbers’ 
argument may hold true given that the number of incidents is expected to decrease over time. 
However, there is a distinct possibility that the stable volatility within insurance markets (Table 1) will 
not remain. In a scenario containing an increasing number of large loss events, the volatility of claim 
loss sizes would spike and a number of smaller players may not have the capital requirements that 
will be needed to cover losses during concurrent adversarial events. Therefore, we expect that the 
introduction of CAVs will have a direct impact on the growth of reinsurers, as business to business 
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insurance, product liability and product recall make up larger portions of motor insurance risk. When 
we consider the pattern of claims costs posited in this study and an increase in the rate of high-
severity losses, we anticipate that the market will react accordingly. Tail-risk insurance products such 
as policy tranches or syndicate-underwritten policies may become increasingly popular in business 
lines. As such, the reinsurance sector will play a key role in ‘smoothing out’ the ‘second hump’ that 
faces primary insurers.  
 
6.7 Conclusion 
Despite being a key stakeholder of the motor industry, primary insurers are seldom considered when 
discussing the changing dynamics of risks facing road users. This exploratory study considers the risk 
landscape facing primary insurers with the introduction of connected and autonomous vehicles 
(CAVs). We examine approaches currently used by primary insurers to capture risk relating to safety-
advanced vehicles, and investigate the changing dynamics of existing and emerging risks as CAVs 
become increasingly proliferated. These factors include advancements in safety technology, shifting 
terms of liability, emerging risks, the role of anticipatory governance and regulations, and the overall 
impact of AVs on mobility optimisation. Ultimately, these factors will culminate in a shift away from 
private vehicle ownership and toward the use of AVs as a mobility-as-a-service that contain more 
passengers on average. 
An increased presence of highly- or fully-autonomous vehicles on the road may bring about a change 
in risk typology that will affect primary insurers and road users alike. We present a plausible scenario 
whereby decreased collision frequencies, increased product liability, increased occupancy rates and 
increased vehicle repair costs could combine to increase the relative frequency of tail-risk events. This 
has the potential to create a second peak in loss curves. In this scenario, the volatility of insured 
single-loss events may spike, and primary insurers would no longer benefit from stable year-on-year 
insured losses. Based on this scenario, we envision an increasingly important role played by reinsurers 
who could mitigate the risk of large losses exceeding operational thresholds. There is a paucity of data 
on the level of safety that will be afforded by conditional-, highly-, and fully-automated vehicles. This 
indicates that there will be an increased reliance on expert judgements to discern the impact these 
technologies will have on the road-environment ecosystem – in particular, the influence posed by 
new risks to which motor insurance providers are exposed. This study is therefore well-positioned to 
provide key insights to road safety practitioners and vehicle engineers, as well as to insurers in terms 
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7.1 Thesis Contribution 
The intensified emphasis that has been placed on ensuring vehicle safety has brought with it an 
increased focus on the collection of motor vehicle collision (MVC) data. This data has allowed for the 
circumstances that influence the frequency and severity of MVCs to be understood in greater detail. 
This data, in conjunction with the broad evolutionary movement toward vehicle safety, has resulted in 
promising technological advancements. Telematics devices have the ability to transform driving 
behaviour, while advanced driver assistance systems (ADASs) have the ability to avoid or mitigate the 
severity of MVCs. However, a wide variety of challenges remain. Motor vehicle collisions are the 8th 
leading cause of death worldwide (World Health Organization 2018), and result in significant 
economic and societal damage (Blincoe et al. 2015). We have proposed in this thesis a number of 
proactive solutions that make full use of this influx of MVC data. The primary goal is to provide 
meaningful results for road safety specialists and insurance providers alike. 
In Chapter 1, we defined the problem space and four research objectives. To narrow our approach, 
we outlined three contemporary issues that were subsequently explored in at least one of the peer-
reviewed articles in this thesis. These address; 
1. the lack of clarity on the extent to which collision factors influence economic and 
compensation costs 
2. the influence that impact velocity plays on collision factors frequently linked with injury 
severity, and 
3. the detection of specific injuries as a result of collision events.  
The overarching theme of the thesis is to identify the collision events that are leading causes of 
personal-injury and economic-damage risk. The studies in this thesis further inform our current 
understanding on MVC severities by proposing a number of alternative approaches to understanding 
MVC dynamics and damage. We have made use of techniques relating to traditional regression and 
data-driven inferences, and provided a platform upon which causal inferences can be made. We use 
these approaches to find the collision events that most influence the frequency and severity of 
injuries suffered in MVCs, and to establish a direct link between insurance loss-event literature and 
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MVC analysis. Based on these purposes, each peer-reviewed study in this study addresses an existing 
and emerging issue within transport safety and insurance risk according to the following research 
objectives:  
1. Explore the economic detriment of motor vehicle collisions, using injury severities as a basis 
for examination. 
2. Establish the extent to which collision factors can predict the probability of specific injuries 
being suffered and their severities.  
3. Establish the underlying dynamics between collision events and their subsequent impact on 
injury severity.  
4. Examine the impact that disruptive technologies will have on actuarial science. 
These approaches afford a better understanding of the dynamics of MVC severity, and open a new 
approach to cost-benefit analyses. The studies outlined in this thesis are therefore well-positioned to 
assess the impact that oncoming changes to vehicle technology will have on the road environment, 
which may arrive through a decrease in collision frequencies, mitigated injury severities, or shifting 
economic costs. The remainder of this chapter highlights the connection between each research 
objective and peer-reviewed research article and further clarifies how each objective is addressed. 
The following section provides conclusive arguments for the novel contributions presented in this 
thesis and clarify the connections between these contributions and the defined research objectives. 
Table 1 below provides an illustrative overview, mapping the objectives to the research papers in 
which they were addressed.   
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Table 1 – (left) List of objectives first outlined in Chapter 1, and (right) the journal articles provided in this thesis. Solid 
arrows indicate that the objective was fully addressed by the journal article. Dashed arrows indicate the objective was 
partially addressed by the journal article. 
  
Research Objectives  Journal Articles 
  Shannon, D., Murphy, F., Mullins, M., Eggert, 
J. 2018. Applying crash data to injury claims 
– an investigation of determinant factors in 
severe motor vehicle accidents. Accident 
Analysis & Prevention 113, 244-256, DOI: 
10.1016/j.aap.2018.01.037 
 
“Explore the economic 
detriment of motor vehicle 
collisions, using injury severities 
as a basis for examination” 
 Shannon, D., Rizzi, L., Murphy, F., Mullins, M. 
2020. Exploring the price of motor vehicle 
collisions–A compensation cost 
approach. Transportation Research 
Interdisciplinary Perspectives: 100097, DOI: 
doi.org/10.1016/j.trip.2020.100097. 
“Establish the extent to which 
collision factors can predict the 
probability of specific injuries 
being suffered and their 
severities” 
Shannon, D., Murphy, F., Mullins, M., Rizzi, 
L.I., 2020. Exploring the role of delta-V in 
influencing occupant injury severities – a 
mediation analysis approach to motor 
vehicle collisions. Accident Analysis & 
Prevention: 105577, DOI: 
doi.org/10.1016/j.aap.2020.105577 
“Establish the underlying 
dynamics between collision 
events and their subsequent 
impact on injury severity” 
Shannon, D., Murphy, F., Mullins, M., Rizzi, 
L.I., Costello, D.J., 2020. Whiplash detection 
– an investigation of motor vehicle collisions 
and minor personal injuries. Journal of Risk 
and Insurance. 
“Examine the impact that 
disruptive technologies will 
have on actuarial science” Shannon, D., Jannusch, T., David-
Spickermann, F., Mullins, M., Cunneen, M., 
Murphy, F., 2020. Risk ‘Events’ for 
Connected and Autonomous Vehicles: An 
Insurance Industry Perspective. Risk 
Management and Insurance Review.  
Page 189 
Chapter 2: Applying Crash Data to Injury Claims – An Investigation of Determinant Factors in 
Severe Motor Vehicle Accidents 
Chapter 2 proposes an alternative approach to investigating the severity of MVCs. We propose the 
use of a log-linear regression model where the outcome of interest is related to partial economic 
costs stemming from a collision. We derive these partial economic costs by combing injuries with 
standardised guidelines on the appropriate level of compensation to be awarded for personal injuries. 
This approach allows for a more granular view on the severity of MVCs. Using the approach outlined 
in Chapter 2, we address both objectives 1 and 2 from Table 1: 
 “Explore the economic detriment of motor vehicle collisions, using injury severities as a basis 
for examination”  
Using data provided by the National Highway Traffic Safety Administration (NHTSA), we combine 
collision factors with the injuries that were sustained in the collision. Thereafter, we combine these 
injuries with costs that are typically attributed to compensation payments - medical costs, lost 
earnings and reduced household productivity. In this sense, we use partial economic costs as a proxy 
for injury severity. Therefore, we are able to combine collision factors with expected compensation 
costs (ECCs), which allows us to measure the economic detriment of MVCs. The methodology we 
propose addresses a gap in road traffic safety analyses as it provides a platform upon which economic 
costs relating to motor vehicle collisions can be explored in detail. Quantifying the impact of collision 
factors from the perspective of economic costs provides a first step in bridging the gap between 
insurance risk-pricing and collision severities. We find that relative impact velocity and collisions 
occurring in darkness increase the level of compensation that is expected. We further find collision 
factors that decrease the level of compensation that is to be awarded, such as rear-end collisions, 
collisions while turning, collisions involving larger vehicles, and the presence of airbags.  
“Establish the extent to which collision factors can predict the probability of specific injuries 
being suffered and their severities” 
Traditional approaches to MVC severity research use discrete- or binary-outcome models to link 
collision factors with the most severe injury suffered in an MVC. In contrast, we consider in this study 
all injuries that are suffered by occupants in the collision, on a vehicle-by-vehicle basis. As such, we 
provide a more holistic view on the level of damage caused by certain collision factors. The purpose of 
introducing the proxy ECC variable is to provide an alternative approach in to MVC severity as it allows 
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for the partial economic impact of collision factors to be identified. Thus, it provides a greater level of 
detail on the manner in which MVC events affect injury severities. Our research agrees with prior 
research on the factors that are associated with the highest level of injury detriment. These include 
relative impact velocity, certain collision types, and the availability of safety mechanisms (airbags). 
Given that a proxy variable (ECC) is used rather than considering the abbreviated injury scale (AIS) 




Chapter 3: Exploring the Price of Motor Vehicle Collisions – A Compensation Cost Approach  
We propose in this chapter an extension to the methodology put forth in Chapter 2. Unlike Chapter 2, 
however, Chapter 3 measures expected compensation cost (ECC) on a per-individual basis rather than 
a per-vehicle basis. A log-linear regression again features in Chapter 3; however, the nucleus of this 
study is a mediation analysis approach to the severity of MVCs. This chapter therefore contributes to 
MVC literature by exploring the underlying dynamics of collision events associated with injury 
severities, as well as retaining the novel approach to measuring severity using ECCs. This research 
study fully addresses research objectives 1 and 3, and partially addresses research objective 2.  
“Explore the economic detriment of motor vehicle collisions, using injury severities as a basis for 
examination”  
Administrative and litigation proceedings amounted to a total societal cost of $31.5bn in the United 
States in 2010. This cost could have been partially offset given a greater understanding on the 
economic detriment caused during crash events. We address this issue in this study. Chapter 3 
develops upon the approach outlined in Chapter 2. This chapter also investigates the severity of MVCs 
through the use of the proxy ‘ECC’ variable. The ECC system introduced in this study, which measures 
expected compensation on a per-occupant basis, highlight future approaches to road safety and 
bridges the gap between crash characteristics, injuries suffered, and economic damage.  
We compare our findings to a recently-published governmental report that provides a breakdown of 
the distribution of claim sizes in Ireland (Central Bank of Ireland 2019). We compare the proportion of 
claim sizes in our sample that belong within specific bands to the proportion of claims paid in 2018 
within the same bands. We find that our methodological approach results in a claim-size distribution 
that aligns closely with the claim-size distribution seen in practice, albeit slightly under-representing 
the proportion of low-cost claims and marginally over-representing the proportion of medium-sized 
claims. Specific utility for our methodology can be found in the motor insurance industry, as expected 
compensation estimates can inform the appropriate level of capital reserves to maintain for 
compensation claim payments and mitigate litigation risk. 
 “Establish the extent to which collision factors can predict the probability of specific injuries 
being suffered and their severities”  
As in Chapter 3, this study considers all injuries that are suffered by occupants in the collision rather 
than the ‘most severe’ injury. As such, we provide a more holistic view on the level of damage caused 
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by certain collision factors. This research objective is once again partially addressed in this study as we 
consider a proxy variable rather than injury score, however a number of actionable results are found 
on injury severity. We find, through the proxy ECC measure, that relative impact velocity, occupant 
age, head-on collisions and single-vehicle collisions are most influential in increasing injury severity. 
On the other hand, increased occupant height and the use of a seatbelt largely mitigates injury 
detriment, as do larger vehicles and collisions in adverse road environments. Our results support 
policy recommendations that promote seatbelt use and warn against alcohol-impaired driving, and 
support the proliferation of safety-enabled vehicles whose technology can mitigate the economic 
damage associated with detrimental crash types. 
“Establish the underlying dynamics between collision events and their subsequent impact on 
injury severity”  
A secondary consideration of this study was to investigate the underlying dynamics between collision 
events and injury severity. Chapter 2 established that relative impact velocity plays a predominant 
role in inducing collisions of higher severity. We sought to investigate the extent of this role through 
the use of a mediation analysis. Our chosen mediator is a common measure of impact velocity (delta-
V). The use of this methodology showcased both the independent effect that delta-V has on injury 
severity, and the interceding role that delta-V has on other collision factors that significantly influence 
injury severity. The mediation approach unveils influential links that would have otherwise gone 
unnoticed in traditional analyses. We find substantial evidence of an underlying intervening effect 
because of delta-V. We find that some collision factors that influence compensation estimates are 
significantly influenced by the effects of delta-V, and that one in particular, braking to avoid an 
incident, reduces injury severity only because of the role that delta-V plays. 
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Chapter 4: Exploring the role of delta-V in influencing occupant injury severities – A mediation 
analysis approach to Motor Vehicle Collisions   
Chapters 2 and 3 make use of a proxy variable to demonstrate the impact of collision events on injury 
severity. The study in Chapter 4 attempts to study the impact of collision events as they directly relate 
to injury severity scores. There has been an increased emphasis in recent decades on understanding 
the main collision circumstances that influence injury severities (Aarts et al. 2016). The findings in 
Chapter 3 provide evidence that there is specific utility in using a mediation analysis to explore the 
dynamics between delta-V, injury severity, and other collision factors. Chapter 4 expands on this 
notion and investigates the relationship between collision events and injury severity through the use 
of a mediation analysis, where delta-V acts as a mediator. Chapter 4 addresses a gap in the literature 
of MVC severity as, to the best of our knowledge, a mediation analysis approach has not yet been 
used to describe injury severities stemming from MVCs. This chapter therefore fully addresses 
research objectives 2 and 3. 
“Establish the extent to which collision factors can predict the probability of specific injuries 
being suffered and their severities”  
Chapter 4 considers two injury severity metrics that directly describe the personal detriment suffered 
by an occupant. These severity metrics are the number of injuries suffered by individual occupants 
and the extent of the most severe injury suffered by each occupant. We consider the most severe 
injury as a binary variable. We compare the proportion of occupants that suffer serious, severe or 
critical injuries against those who suffered minor or moderate injuries, and find collision events that 
are associated with the more severe subgroup. There has been an increased focus on this approach in 
contemporary research (Aarts et al. 2016). Using these two severity metrics, we make use of a log-
linear regression model and a Bayesian binary probit model. A multitude of collision events present as 
influencing the level of personal injury suffered by occupants in MVCs. The results confirm that 
relative impact velocity (delta-V) plays a pre-dominant role in influencing injury severity, and that the 
two severity metrics are significantly positively correlated. As well as providing insights in to the 
collision factors that influence the nature of injury severities, we contribute to the literature set by 
identifying whether different severity metrics are influenced by different collision factors. The results 
provide evidence of this – we find that collision occurring in dark conditions result in fewer injuries, 
but increase the chances of suffering a serious or worse injury. We also find that females tend to incur 
more injuries on average, but sustain fewer ‘serious or worse’ injuries.  
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 “Establish the underlying dynamics between collision events and their subsequent impact on 
injury severity” 
Chapter 3 identifies delta-V as the most influential factor in influencing injury severity, however this 
conclusion is drawn through the use of a proxy injury severity variable. Therefore, Chapter 4 seeks to 
confirm this finding by directly examining injury severity metrics, and investigates the interceding role 
that delta-V may have on other collision factors. The latter is completed through a mediation analysis 
approach, as in Chapter 3. We find that in addition to significantly influencing injury severity, delta-V 
plays a significant intervening effect on the relationships between collision factors and injury 
outcomes. This study adds to the literature set as it finds evidence that some crash factors only 
significantly influence crash severities because of delta-V. This includes the association found 
between increased vehicle weight and a lower number of injuries that are subsequently suffered. The 
methodological approach we employ instead find that this relationship is primarily explained by the 
occurrence of these incidents at lower levels of delta-V, rather than the inherent safety provided by 
larger vehicles.  
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Chapter 5: Detecting ‘Whiplash’ – An Investigation of Motor Vehicle Collisions and Minor Personal 
Injuries 
The nature of the analyses conducted in Chapters 2 – 4 indicates that any conclusions relate to the 
overall severity of an MVC. As outlined in Chapter 1, the objective of this thesis is to explore practical 
and implementable solutions that can be provided to insurers and road safety analysts alike. 
Whiplash-related injury claims are a pressing issue in the current insurance arena within the UK and 
Ireland. Almost 80% of personal injury motor claims in the UK and Ireland are attributable to whiplash 
(Personal Injuries Commission 2017), and whiplash injuries have previously culminated in anti-fraud 
campaigns in Sweden and Norway (Swedish Whiplash Commission 2005). Chapter 5 makes use of a 
data-driven approach to identify the relative likelihood of suffering whiplash-related injuries based on 
collision events and in doing so, fully addresses research objective 2.  
“Establish the extent to which collision factors can predict the probability of specific injuries 
being suffered and their severities”  
Whiplash-related injuries typically present as minor cervical sprains and strains. The study in Chapter 
5 therefore presents an occupant-focused approach on identifying collision factors that result in 
injuries consistent with minor cervical injuries. We address a gap in the literature in this chapter as 
previous studies on whiplash-related injuries detail the epidemiology of whiplash, and their 
subsequent impact on a casualty’s quality-of-life. Our approach in this chapter deviates from prior 
investigations as we detail the collision factors that lead to their occurrence. Drivers have previously 
identified as the subgroup most at-risk of suffering whiplash, and so we only consider the drivers of 
the vehicles that were involved in MVCs.  
We make use of a number of penalised Logistic Regression techniques in addition to standard Logistic 
Regression to capture the probability of whiplash being suffered based on the details of the collision. 
These include Lasso, Ridge, Elastic Net and Firth Logistic Regression approaches. These approaches 
are particularly advantageous when the overall sample is small, or where there exists an imbalance in 
the frequency of the outcome. Our findings agree with prior research on the epidemiology of 
whiplash. We find using these models that rear-end collisions are associated with an increased minor 
whiplash likelihood, while alcohol consumption a seats set to their foremost track positions decrease 
whiplash likelihood. We also found some evidence that females may be more susceptible to suffering 
whiplash than males, while airbag deployments are negatively associated with whiplash probability. 
The statistical approach we present in this study result in models that reasonably outperform baseline 
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models in out-of-sample testing. Our findings provide valuable insights for insurance fraud specialists, 






Chapter 6: Risk ‘Events’ for Connected and Autonomous Vehicles: An Insurance Industry 
Perspective 
The overarching theme of the thesis is to identify the collision events that are leading causes of 
personal-injury and economic-damage risk. However, each of the studies in this thesis identify that 
the motor vehicle industry is undergoing a period of transition. Chapter 6 addresses this point by 
providing a detailed overview of the expected changes in MVC typology as transport routes become 
pervaded by an increasing number of connected and autonomous vehicles. With a transition toward 
transport routes and vehicles that are focused on ensuring the safety of occupants and the wider 
environment, this study remains cognisant of the impacts that technologically-advanced vehicles will 
have on the motor insurance industry. Therefore, Chapter 6 full addresses objective 4, while partially 
addressing objective 1. 
“Explore the economic detriment of motor vehicle collisions, using injury severities as a basis for 
examination”  
The increased proliferation of vehicles containing advanced driver assistance systems (ADASs), along 
with the widespread development of semi-autonomous vehicles, has the potential to severely disrupt 
the motor vehicle industry. We detail in Chapter 6 the expected reductions in MVC risk that will arrive 
with these technologies as collision frequencies and severities fall. However, these risk reductions are 
offset by increases in vehicle-related costs. Notable increases in repair costs for advanced-technology 
vehicles are already apparent, and liability laws may increasingly penalise incidents in which 
autonomous vehicles are culpable. These costs are set to increase as the technologies within these 
vehicles become increasingly sophisticated and assume more responsibility. The study within this 
chapter is therefore well-positioned to address a gap in the literature. By exploring the expected 
developments in connected and autonomous vehicles, we offer an exploratory view on the future 
landscape for risk-pricing in relation to motor insurance.  
 “Examine the impact that disruptive technologies will have on actuarial science” 
The actuarial risk classification systems that currently underpin motor insurance policies are formed 
on a stable pattern of motor vehicle incidents. This is typified by a high frequency of low severity 
incidents, and a low frequency of high severity events. ADAS-enabled and semi-autonomous vehicles 
are expected to significantly decrease the frequency and severity of MVCs. However, the change in 
the make-up of risk-events may become more become apparent as increasing levels of automation 
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appear on transport routes. As a key stakeholder in the motor industry, insurance providers must 
proactively assess the risk they face with the introduction of connected and autonomous vehicles. 
Chapter 6 reflects on the current state of the motor insurance market and details a plausible change 
in actuarial considerations as ADAS-enabled vehicles, semi-autonomous vehicles (SAVs) and, 
eventually, fully-autonomous vehicles (AVs) become a common feature in the transport environment. 
We consider a suite of factors that describe the societal impact and dissemination of advanced-
technology vehicles. A combination of the expected changes indicates that the actuarial impact that 
AV technology will have does not align with the actuarial considerations upon which the insurance 
industry currently operates. It is plausible that the stable pattern of loss-events that primary insurers 
currently operate on may instead develop into an insurance market that is highly volatile. Therefore, 
this chapters addresses a gap in the literature set by providing insights in to the nature of MVCs as 
autonomous vehicles, from the perspective of primary insurers. The discussions we provide in this 




Despite a multitude of research studies that have been published, understanding the underlying 
mechanics that influence motor vehicle collision (MVC) severities remains a significant hurdle. 
Significant gaps still exist on the influence that collision factors have on injury severity, and significant 
gaps remain on the influence that collision factors have on economic damage. The chapters within 
this thesis have presented a number of approaches that identify and explore these underlying 
mechanics so that these gaps can be addressed. Mannering et al. (2020) explain that there are four 
key methodological approaches that are used to elucidate on our current understanding of MVCs. 
These include traditional regression approaches, data-driven inferences, causal inferences, and 
uncertainty inferences. The chapters within this thesis use statistical techniques that are related to 3 
of these – traditional approaches, data-driven inferences, and causal inferences. We find, using these 
approaches, proactive solutions that benefit a number of stakeholders within the motor vehicle 
industry, most notably road safety practitioners and insurance providers. Our solutions centre on 
exploring the economic detriment of motor vehicle collisions, investigating the underlying dynamics 
between collision events and their subsequent impact on injury severity, and reporting the extent to 
which collision factors can predict the probability of specific injuries being suffered.  
Furthermore, the methodological approaches and findings we put forward in this thesis open 
opportunities for future research studies. We intend on developing upon our findings using the fourth 
methodological approach that Mannering et al. (2020) identify – uncertainty inferencing. These 
developments will allow inferences to be made while maintaining an element of uncertainty to match 
the unobserved heterogeneity that currently affects MVC research. Uncertainty inferencing includes 
the consideration of models that attempt to explain latent factors, and models that allow coefficients 
to vary according to pre-determined distributions. The robustness of the data that we use within this 
thesis, and the number of recorded crash events that can be considered as random effects, indicates 
that a random-effects or mixed-effects approach is beneficial. Measuring the safety implications of 
ADAS also remains a priority. We examine in this thesis the impact that these technologies will have 
on actuarial models that underpin insurance policies. However, it is paramount that the relative safety 
afforded by ADASs are studied and broadcast. Therefore, we intend on measuring the practical 
benefit that is brought about by ADASs as the data becomes available. 
The solutions we propose in this thesis can provide a number of societal benefits. We provide 
valuable insights for policymakers that seek to reduce the societal damage brought about by MVCs. 
Our proposals can also reduce the extent of litigation risks and administrative costs, as we provide a 
greater level of insight in to the level of capital reserves that are required for compensation 
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payments. Therefore, the methods we propose in this thesis provide a platform upon which 
implementable and practical solutions can be based. We contribute to academic literature by 
presenting a number of alternative approaches to investigate the impact of MVCs and study their 
associated severities. This thesis further addresses the lack of extant literature on MVC severity as it 
relates to insurance costs, by providing studies that allow for MVC data to be directly linked with loss-
event literature.  
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